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Abstract
Robot locomotion is concerned with providing autonomous locomotion capabilities to mobile
robots. Most current day robots feature some form of locomotion for navigating in their environ-
ment. Modalities of robot locomotion includes: (i) aerial locomotion, (ii) terrestrial locomotion,
and (iii) aquatic locomotion (on or under water). Three main forms of terrestrial locomotion are,
legged locomotion, limbless locomotion and wheel-based locomotion. A Modular Robot (MR),
on the other hand, is a robotic system composed of several independent unit modules, where,
each module is a robot by itself. The objective in this thesis is to develop legged locomotion
in a humanoid robot, as well as, limbless locomotion in modular robotic configurations. Taking
inspiration from biology, robot locomotion from the perspective of robot’s morphology, through
evolution, and through learning are investigated in this thesis.
Locomotion is one of the key distinguishing characteristics of a zoological organism. Almost
all animal species, and even some plant species, produce some form of locomotion. In the past
few years, robots have been “moving out” of the factory floor and research labs, and are becoming
increasingly common in everyday life. So, providing stable and agile locomotion capabilities for
robots to navigate a wide range of environments becomes pivotal. Developing locomotion in
robots through biologically inspired methods, also facilitates furthering our understanding on how
biological processes may function.
Connected modules in a configuration, exert force on each other as a result of interaction
between each other and their environment. This phenomenon is studied and quantified, and then
used as implicit communication between robot modules for producing locomotion coordination
in MRs. Through this, a strong link between robot morphology and the gait that emerge in it is
established.
A variety of locomotion controller, some periodic-function based and some morphology
based, are developed for MR locomotion and bipedal gait generation. A hybrid Evolutionary
Algorithm (EA) is implemented for evolving gaits, both in simulation as well as in the real-world
on a physical modular robotic configuration. Limbless gaits in MRs are also learnt by learning
optimal control policies, through Reinforcement Learning (RL).
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Resumen
En robo´tica, la locomocio´n trata de proporcionar capacidades de locomocio´n auto´noma a robots
mo´viles. La mayorı´a de los robots actuales tiene alguna forma de locomocio´n para navegar en su
entorno. Los modos de locomocio´n robo´tica se pueden repartir entre: (i) locomocio´n ae´rea, (ii)
locomocio´n terrestre, y (iii) locomocio´n acua´tica (sobre o bajo el agua). Las tres formas ba´sicas
de locomocio´n terrestre son la locomocio´n mediante piernas, la locomocio´n sin miembros, y
la locomocio´n basada en ruedas. Un Robot Modular, por otra parte, es un sistema robo´tico
compuesto por varios mo´dulos independientes, donde cada mo´dulo es un robot en sı´ mismo.
El objetivo de esta tesis es el desarrollo de la locomocio´n mediante piernas para un robot
humanoide, ası´ como el de la locomocio´n sin miembros para varias configuraciones de robots
modulares. Inspira´ndose en la biologı´a, tambie´n se investiga en esta tesis el desarrollo de la
locomocio´n del robot segu´n su morfologı´a, gracias a te´cnicas de evolucio´n y de aprendizaje.
La locomocio´n es una de las caracterı´sticas distintivas de un organismo zoolo´gico. Casi
todas las especies animales, e incluso algunas especies de plantas, poseen algu´n tipo de
locomocio´n. En los u´ltimos an˜os, los robots han “migrado” desde las fa´bricas y los laboratorios
de investigacio´n, y se esta´n integrando cada vez ma´s en nuestra vida diaria. Por estas razones,
es crucial proporcionar capacidades de locomocio´n estables y a´giles a los robots para que
puedan navegar por todo tipo de entornos. El uso de me´todos de inspiracio´n biolo´gica para
alcanzar esta meta tambie´n nos ayuda a entender mejor co´mo pueden funcionar los procesos
biolo´gicos equivalentes.
En una configuracio´n de mo´dulos conectados, puesto que cada uno interacciona con su
entorno, los mo´dulos ejercen fuerza los unos sobre los otros. Este feno´meno se ha estudiado y
cuantificado, y luego se ha usado como comunicacio´n implı´cita entre los mo´dulos para producir
la coordinacio´n en la locomocio´n de este robot. De esta manera, se establece un fuerte vı´nculo
entre la morfologı´a de un robot y el modo de andar que este desarrolla.
Se han desarrollado varios controladores de locomocio´n para robots modulares y robots
bı´pedos, algunos basados en funciones perio´dicas, otros en la morfologı´a del robot. Un algoritmo
evolutivo hı´brido se ha implementado para la evolucio´n de locomociones, tanto en simulacio´n
como en el mundo real en una configuracio´n fı´sica de robot modular. Tambie´n se pueden
generar locomociones sin miembros para robots modulares, determinando las polı´ticas de
control o´ptimo gracias a te´cnicas de aprendizaje por refuerzo.
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Se presenta en primer lugar en esta tesis el estado del arte de la robo´tica modular, en-
foca´ndose en la locomocio´n de robots modulares, los controladores, la locomocio´n bı´peda y la
computacio´n morfolo´gica. A continuacio´n se describen cinco configuraciones diferentes de robot
modular que se utilizan en esta tesis, seguido de cuatro controladores de locomocio´n. Estos
controladores son el controlador heteroge´neo, el controlador basado en funciones perio´dicas, el
controlador homoge´neo y el controlador basado en la morfologı´a del robot.
Se desarrolla como parte de este trabajo un controlador de locomocio´n lineal, perio´dico,
basado en features, para la locomocio´n bı´peda de robots humanoides. Los para´metros de
control se ajustan primero a mano para reproducir un modelo cart-table, y el controlador se
evalu´a en un robot humanoide simulado. A continuacio´n, gracias a un algoritmo evolutivo,
la optimizacio´n de los para´metros de control permite desarrollar una locomocio´n sin modelo
predeterminado.
Se desarrolla como parte de esta tesis un enfoque sobre algoritmos de Embodied Evolucio´n,
en otras palabras el uso de robots modulares fı´sicos en la fase de evolucio´n. La implementacio´n
material, la configuracio´n experimental, y el Algoritmo Evolutivo implementado para Embodied
Evolucio´n, se explican detalladamente.
El trabajo tambie´n incluye una visio´n general de las te´cnicas de aprendizaje por refuerzo y
de los Procesos de Decisio´n de Markov. A continuacio´n se presenta un algoritmo popular de
aprendizaje por refuerzo, llamado Q-Learning, y su adaptacio´n para aprender locomociones
de robots modulares. Se proporcionan una implementacio´n del algoritmo de aprendizaje y la
evaluacio´n experimental de la locomocio´n generada.
viii
Contents
Acknowledgments iii
Abstract v
Resumen vii
Contents ix
List of Tables xiii
List of Figures xvii
1 Introduction, problem definition and goals 1
1.1 Problem definition . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 2
1.1.1 Robot . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 2
1.2 Motivation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5
1.2.1 Locomotion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5
1.2.2 Methodology . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6
1.3 Goals and Scope . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 7
1.3.1 Morphological Computation . . . . . . . . . . . . . . . . . . . . . . . . . 7
1.3.2 Evolutionary Robotics . . . . . . . . . . . . . . . . . . . . . . . . . . . . 8
1.3.3 Reinforcement Learning . . . . . . . . . . . . . . . . . . . . . . . . . . . 8
1.4 Structure of the PhD . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 9
2 State-of-the-art 11
Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 11
2.1 Modular robotics . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 11
2.1.1 The origins . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 13
ix
2.1.2 Chain-type . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 14
2.1.3 Lattice-type . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 19
2.1.4 Hybrid-type . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 21
2.1.5 Locomotion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 24
2.1.6 Controller . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 33
2.2 Humanoids locomotion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 40
2.3 Morphological Computation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 41
2.3.1 Passive dynamic walking . . . . . . . . . . . . . . . . . . . . . . . . . . 41
2.3.2 Puppy . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 41
2.3.3 WalkNet . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 42
3 Locomotion Controllers for Modular Robots 45
Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 45
3.1 Robot configurations . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 46
3.1.1 Minibot . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 46
3.1.2 Tripod . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 46
3.1.3 Quadropod . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 47
3.1.4 Y-bot . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 48
3.1.5 Lizard . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 48
3.2 Periodic function locomotion controllers . . . . . . . . . . . . . . . . . . . . . . 49
3.2.1 Sinusoidal controller . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 49
3.2.2 Fourier controller . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 59
3.3 Morphology dependent locomotion controller . . . . . . . . . . . . . . . . . . . 66
3.3.1 Influence of morphology . . . . . . . . . . . . . . . . . . . . . . . . . . 66
3.3.2 Neural-oscillator controller . . . . . . . . . . . . . . . . . . . . . . . . . 71
3.3.3 Inverse sinusoidal controller . . . . . . . . . . . . . . . . . . . . . . . . 80
Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 85
4 Bipedal Locomotion Controller for Humanoids 87
Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 87
4.1 Simplified Linear Model . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 88
4.1.1 Asymmetric Triangle Wave . . . . . . . . . . . . . . . . . . . . . . . . . 88
4.1.2 Dual Triangle Wave . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 89
4.1.3 Width Modulation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 91
4.1.4 Skewness . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 93
4.1.5 Squareness . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 95
4.2 Approximating Cart-Table Model . . . . . . . . . . . . . . . . . . . . . . . . . . 97
4.3 Learning parameters through GA . . . . . . . . . . . . . . . . . . . . . . . . . . 99
4.4 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 101
Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 104
x
5 Locomotion through Embodied Evolution 105
Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 105
5.1 Robot hardware . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 106
5.1.1 Electronics . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 106
5.1.2 Regression model for actuator position estimation . . . . . . . . . . . . . 109
5.1.3 Actuator state estimation . . . . . . . . . . . . . . . . . . . . . . . . . . 110
5.2 Experimental setup . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 116
5.2.1 Vision system . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 116
5.2.2 Serial Communication Protocol . . . . . . . . . . . . . . . . . . . . . . . 120
5.3 Evolving locomotion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 125
5.3.1 EA . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 125
5.3.2 Evolution . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 127
5.3.3 Evaluation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 130
Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 132
6 Learning Locomotion 133
Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 133
6.1 Introduction to Reinforcement Learning . . . . . . . . . . . . . . . . . . . . . . 133
6.2 Markov Decision Process (MDP) . . . . . . . . . . . . . . . . . . . . . . . . . . 135
6.2.1 Solving MDP . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 136
6.2.2 Policy Iteration . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 137
6.2.3 Value Iteration . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 139
6.3 Temporal Difference Learning . . . . . . . . . . . . . . . . . . . . . . . . . . . 139
6.4 Locomotion through Q-Learning . . . . . . . . . . . . . . . . . . . . . . . . . . 141
6.4.1 State space . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 141
6.4.2 Action space . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 141
6.4.3 State-action space . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 142
6.4.4 Reward . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 145
6.4.5 Algorithm . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 146
6.5 Learning and Evaluation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 147
6.5.1 Minibot . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 147
6.5.2 Tripod . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 149
6.5.3 Quadropod . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 152
6.5.4 Y-bot . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 153
Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 157
7 Conclusions 159
Bibliography 163
Index 173
xi

List of Tables
3.1 Phase-relation between module pairs in a Lizard configuration with respect to the
module Limb-1. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 49
3.2 Range of sinusoidal controller parameters for optimization. . . . . . . . . . . . . 50
3.3 Sinusoidal controller parameters of the best performing individual for Minibot
configuration, optimized through EA. . . . . . . . . . . . . . . . . . . . . . . . . 51
3.4 Sinusoidal controller parameters of the best performing individual for Tripod con-
figuration, optimized through EA. . . . . . . . . . . . . . . . . . . . . . . . . . . 52
3.5 Sinusoidal controller parameters of the best performing individual for Quadropod
configuration, optimized through EA. . . . . . . . . . . . . . . . . . . . . . . . . 54
3.6 Sinusoidal controller parameters of the best performing individual for Y-bot config-
uration, optimized through EA. . . . . . . . . . . . . . . . . . . . . . . . . . . . 54
3.7 Sinusoidal controller parameters of the best performing individual for Lizard con-
figuration that produced forward-walking gait. . . . . . . . . . . . . . . . . . . . 56
3.8 Phase-difference between all modules pairs in the Lizard configuration, with the
best performing forward-walking Sinusoidal controller. . . . . . . . . . . . . . . 56
3.9 Sinusoidal controller parameters of the best performing individual for Lizard con-
figuration that produced lateral-walking gait. . . . . . . . . . . . . . . . . . . . . 57
3.10 Phase-difference between all modules pairs in the Lizard configuration, with the
best performing lateral-walking Sinusoidal controller. . . . . . . . . . . . . . . . 57
3.11 Mean and standard deviation (SD) of locomotion speed of the best evolved
Sinusoidal controller for all five configurations. . . . . . . . . . . . . . . . . . . . 58
3.12 Hand tuned Fourier controller parameters for Minibot configuration. . . . . . . . 60
3.13 Hand tuned Fourier controller parameters for Y-bot configuration. . . . . . . . . 60
3.14 first frequency component Fourier controller (ffc-Fourier controller) parameters of
the best performing individual for Minibot configuration, optimized through EA. . 61
xiii
3.15 two frequency component Fourier controller (tfc-Fourier controller) parameters of
the best performing individual for Minibot configuration, optimized through EA. . 62
3.16 ffc-Fourier controller parameters of the best performing individual for Y-bot config-
uration, optimized through EA. . . . . . . . . . . . . . . . . . . . . . . . . . . . 63
3.17 tfc-Fourier controller parameters of the best performing individual for Y-bot config-
uration, optimized through EA. . . . . . . . . . . . . . . . . . . . . . . . . . . . 64
3.18 tfc-Fourier controller parameters of the best performing individual for Lizard con-
figuration, optimized through EA. . . . . . . . . . . . . . . . . . . . . . . . . . . 65
3.19 Quantifying Intra-Configuration Force (ICF) by calculating mean and SD of actua-
tor position of the fixed-position module, connected to an oscillating module in the
Minibot configuration. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 67
3.20 Mean and SD of actuator position of fixed-position modules in the Tripod configu-
ration. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 69
3.21 Mean and SD of actuator values of the fixed-position module in the Tripod config-
uration, sampled over different phase value of oscillating modules. . . . . . . . . 69
3.22 Mean and SD of actuator values of the fixed-position module in the Tripod config-
uration, sampled over varying Coefficient of Friction (COF) of the ground-surface. 70
3.23 Mean and SD of phase-difference between module pairs in the Tripod configura-
tion, when evaluated with the best evolved Neural-oscillator controller. . . . . . . 75
3.24 Mean and SD of phase-difference between module pairs in the Quadropod con-
figuration, when evaluated with the best evolved Neural-oscillator controller. . . 76
3.25 Mean and SD of phase-difference between module pairs in the Y-bot configuration,
when evaluated with the best evolved Neural-oscillator controller. . . . . . . . . 77
3.26 Cross-evaluation results of best evolved Neural-oscillator controllers evaluated on
all five configuration. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 78
3.27 Phase-difference between module pairs in the Quadropod configuration, that
emerge when evaluated with the best evolved Inverse sinusoidal controller. . . . 83
3.28 Mean and SD of locomotion speed of all the configurations, evaluated with the
respective best evolved Inverse sinusoidal controller. . . . . . . . . . . . . . . . 84
4.1 Triangle wave function parameters for generating the linear approximate trajectory. 90
4.2 Parameters of the dual triangle wave based function, for generating the linear
approximate trajectory. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 92
4.3 Parameters of the triangle wave function, with duty cycle and skewness factors,
for generating the linear approximate trajectory. . . . . . . . . . . . . . . . . . . 94
4.4 Parameters of the triangle wave function, with squareness factors, for generating
the linear approximate trajectory. . . . . . . . . . . . . . . . . . . . . . . . . . . 96
4.5 Parameters of the Triangle/Square wave function for generating the linear approxi-
mate trajectory of the right knee joint. . . . . . . . . . . . . . . . . . . . . . . . 98
4.6 Range of control parameters used while optimization. . . . . . . . . . . . . . . 101
4.7 GA parameter values used for evolution. . . . . . . . . . . . . . . . . . . . . . . 101
5.1 Characteristics of Y1 modules. . . . . . . . . . . . . . . . . . . . . . . . . . . . 107
xiv
5.2 Characteristics of the SkyMega controller Board. . . . . . . . . . . . . . . . . . 109
5.3 Parameters of the learnt linear model. . . . . . . . . . . . . . . . . . . . . . . . 111
5.4 Hue Saturation Value (HSV) filter parameters. . . . . . . . . . . . . . . . . . . . 119
5.5 Message frame section 1. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 121
5.6 Message frame section 2. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 121
5.7 Message frame tags description. . . . . . . . . . . . . . . . . . . . . . . . . . . 122
5.8 Message frame description. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 123
5.9 Message types . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 123
5.10 Range of sinusoidal controller parameters for Embodied Evolution (EE). . . . . 129
5.11 EA parameter values used for EE. . . . . . . . . . . . . . . . . . . . . . . . . . 131
5.12 Sinusoidal controller parameters of the best performing individual for Y-bot config-
uration, optimized through EE. . . . . . . . . . . . . . . . . . . . . . . . . . . . 131
6.1 Q-Learning parameters. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 147
6.2 Oscillation characteristics of Minibot modules, following the learnt policy. . . . . 150
6.3 Oscillation characteristics of Tripod modules, following the learnt policy. . . . . . 151
6.4 Mean and SD of phase-difference between modules in the Tripod configuration,
following the learnt policy. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 151
6.5 Oscillation characteristics of Quadropod modules, following the learnt policy. . . 152
6.6 Mean and SD of phase-difference between modules in the Quadropod configura-
tion, following the learnt policy. . . . . . . . . . . . . . . . . . . . . . . . . . . . 153
6.7 Oscillation characteristics of Y-bot modules, following the learnt policy. . . . . . 154
6.8 Mean and SD of phase-difference between modules in the Y-bot configuration,
when evaluated with the learnt gait. . . . . . . . . . . . . . . . . . . . . . . . . 156
xv

ListofFigures
1.1 Y1module(a)Realand(b)Simulatedversions................... 3
1.2 Y1modulewhileactuatedat(a) ,(b) and(c) ...... 4
1.3 HumanoidforOpenArchitecturePlatform(HOAP-3)robot............. 4
1.4 KinematicsstructureofHOAP-3........................... 5
2.1 CelularRoboticSystem(CEBOT).......................... 13
2.2 ActiveCordMechanism:(a)VersionII,(b)R3,(c)R4and(d)R5......... 14
2.3 PolyBot........................................ 15
2.4 DiferentconﬁgurationsofCONRO......................... 16
2.5 Molecubes...................................... 17
2.6 Symbricatormodules................................ 18
2.7 Microtubmodules.................................. 19
2.8 Cross-CubeModule................................. 20
2.9 Cross-Bal Module.................................. 20
2.10UBot......................................... 22
2.11Self-assemblingMOdularRobotforExtremeShape-shifting(SMORES)Module 23
2.12 ..................................... 24
2.13Roombots...................................... 24
2.14Phase-relationbetweenconsecutivemodulesinalinearconﬁgurationtoproduce
Caterpilargait.................................... 25
2.15Phase-relationbetweenpitch-axis(verticaloscilation)andyaw-axis(horizontal
oscilation)actuatorsinalinearconﬁguration,forproducinglateral-shiftgait... 26
2.16Microtubinchwormgaitmodulesandconﬁguration................. 26
2.17Inchwormmodulesandconﬁguration........................ 28
2.18InchwormconﬁgurationusingthreeScoutmodules,performinginchwormgait.(a)
startposition,(b)and(c)contraction,(d)elongation................ 28
xvi
2.19 Scout two-dimensional (2D) quadruped configuration performin four-legged loco-
motion. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 29
2.20 CONRO robot configured as a quadruped and an hexapod walker . . . . . . . . 29
2.21 M-Tran modules in H-Walker configuration. . . . . . . . . . . . . . . . . . . . . 30
2.22 CONRO modules in closed-loop configuration. . . . . . . . . . . . . . . . . . . 31
2.23 Helicoidal module and gait. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 31
2.24 Scout, Backbone and Active Wheel modules with tracks, screw driver and
omnidirection-wheels respectively. . . . . . . . . . . . . . . . . . . . . . . . . . 32
2.25 The Brittle Star MR, with five limbs and six modules per limb . . . . . . . . . . . 34
2.26 Yamor MR. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 36
2.27 A single Roombots (RB) module in a 2D grid world, where each grid contains an
Active Connection Mechanisms (ACM) connector. . . . . . . . . . . . . . . . . . 40
2.28 Passive dynamic walkers. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 42
2.29 The quadruped robot Puppy. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 42
3.1 Two module Minibot configuration. . . . . . . . . . . . . . . . . . . . . . . . . . 46
3.2 Three-module Tripod configuration. . . . . . . . . . . . . . . . . . . . . . . . . 47
3.3 Four-module Quadropod configuration. . . . . . . . . . . . . . . . . . . . . . . 47
3.4 Y-bot configuration. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 48
3.5 Lizard configuration with four Limb modules and two Spine modules. . . . . . . 48
3.6 Scree capture of one gait cycle of the Minibot configuration, evaluated with the
best evolved Sinusoidal controller. . . . . . . . . . . . . . . . . . . . . . . . . . 51
3.7 Scree capture of one gait cycle of the Tripod configuration, evaluated with the
best evolved Sinusoidal controller. . . . . . . . . . . . . . . . . . . . . . . . . . 53
3.8 Initial orientation of the Quadpod configuration. . . . . . . . . . . . . . . . . . . 53
3.9 Scree capture of one gait cycle of the Y-bot configuration, evaluated with the best
evolved Sinusoidal controller. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 55
3.10 Spine modules in the Lizard configuration. . . . . . . . . . . . . . . . . . . . . 58
3.11 Reference trajectories generated by the best evolved ffc-Fourier controller for
Minibot configuration. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 61
3.12 Reference trajectories generated by the best evolved tfc-Fourier controller for
Minibot modules. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 62
3.13 Reference trajectories generated by the best evolved tfc-Fourier controller for
Y-bot modules. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 64
3.14 Reference trajectories generated by the best evolved tfc-Fourier controller for
Lizard modules. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 66
3.15 Minibot configuration and a plot of its actuator values. . . . . . . . . . . . . . . 67
3.16 Plot of actuator values in the Tripod configuration, demonstrating effects of oscil-
lating module(s) over fixed-position module(s). . . . . . . . . . . . . . . . . . . 68
3.17 Plot of mean and SD of actuator values of the fixed-position module in the Tripod
configuration, sampled over different phase values of oscillating modules. . . . 69
3.18 Plot of mean and SD of actuator values of the fixed-position module in the Tripod
configuration, sampled over varying COF of the ground-surface. . . . . . . . . 70
xviii
3.19PlotofactuatorvaluesintheY-botconﬁguration,demonstratingefectsofoscilat-
ingmodulesovertheﬁxed-positionSpinemodule................. 71
3.20ControlﬂowoftheNeural-oscilatorcontroler.................... 72
3.21ActuatortrajectoriesofMinibotmodules,whenevaluatedwiththebestevolved
Neural-oscilatorcontroler.............................. 73
3.22OscilationfrequencyofMinibotmodules,whenevaluatedwiththebestevolved
Neural-oscilatorcontroler.............................. 74
3.23Phase-diferencebetweenMinibotmodules,whenevaluatedwiththebestevolved
Neural-oscilatorcontroler.............................. 74
3.24Phase-diferencebetweenTripodmodules,whenevaluatedwiththebestevolved
Neural-oscilatorcontroler.............................. 75
3.25Phase-diferencebetweenQuadropodmodules,whenevaluatedwiththebest
evolvedNeural-oscilatorcontroler.......................... 76
3.26Phase-diferencebetweenY-botmodules,whenevaluatedwiththebestevolved
Neural-oscilatorcontroler.............................. 77
3.27ControlﬂowoftheInversesinusoidalcontroler................... 80
3.28ReferenceandactuatortrajectoriesofMinibotmodules,whenevaluatedwith
thebestevolvedInversesinusoidalcontroler.Markedinredonthe-axisare
pointsintimewhencontrolsignaloftheHeadmoduleisadjusted,resultinginthe
emergedgait..................................... 82
3.29ReferencetrajectoriesofTripodmodules,whenevaluatedwiththebestevolved
Inversesinusoidalcontroler............................. 83
4.1 Jointtrajectoriesoftherighthip,kneeandanklejointsgeneratedbasedonthe
cart-tablemethod................................... 88
4.2 Jointtrajectoriesofthelefthip,kneeandanklejointsgeneratedbasedonthe
cart-tablemethod................................... 89
4.3 Trianglewaveswith (red), (green)and (blue)...... 90
4.4 Originaltrajectory,andthetrianglewavebasedapproximateofit......... 90
4.5 Trianglewaveswithasymmetrybetweenthetopandbotomhalves........ 91
4.6 Originaltrajectory,andthedualtrianglewavebasedapproximateofit...... 92
4.7 Trianglewaveswithdutycycleof100%(red)and50%(green).......... 93
4.8 Widthmodulatedtrianglewaveswithpositiveskew(red)andnegativeskew(green). 94
4.9 Originaltrajectoryanditslinearapproximatebasedonthemodelwithdutycycle
andskewnessfactors................................. 95
4.10Trajectorieswithtriangular(red),semi-triangular(green)andsquarewaveforms. 96
4.11Originaltrajectoryanditslinearapproximatebasedonthemodelwithsquareness
factor......................................... 97
4.12Rightkneejoint:Theoriginaltrajectoryanditslinearapproximate......... 97
4.13JointtrajectoriesgeneratedbyTriangle/Squaremodel,crescendotofulintensity,
startingfrom .................................. 99
4.14Screencaptureofonegaitcycleduringstablebipedalgait,startingfromtop-left
andendingatbotom-right,onerowatatime.................... 99
xix
4.15Graphshowingtheﬁtnessvalueofbestindividualandaverageﬁtnessvalueof
thepopulationduringevolution............................ 102
4.16Referenceandactualjointtrajectoriesoftheleftkneejoint,duringevaluation.. 103
5.1 Y1modulesat(a)restpositionand(b) . ................. 107
5.2 Y-botconﬁguration.................................. 107
5.3 SkyMegacontrolerboardwithpinlayout.MarkedinredareATMEGAmicrocon-
trolerpings,andmarkedinblueareArduinoequivalents............. 108
5.4 SkyMegaboardmountedonaY1module...................... 108
5.5 Plotofservomotorpositionoverpotentiometervalue................ 109
5.6 PlotofSDinservopotentiometerreading,withrespecttoservoposition..... 110
5.7 Plotofservomotorpositionoverpotentiometervalueandthelinearmodel.... 111
5.8 Plotofreferencepositionandnoisymeasurementsofamodule’sactuator.... 111
5.9 Plotofreferenceposition,noisymeasurementsandKalmanFilter(KF)based
estimateofamodule’sactuator........................... 115
5.10EEarena,withthevisionsystem,hostpersonalcomputer(PC)andtherobot,
wherethegaitisevolvedontherealrobot. .................... 116
5.11Colored-marker................................... 117
5.12Colored-markerdetected,anditscentroidestimated................ 119
5.13Region,ingenomespace,spannedbyparentandofspringgenomewith . 128
5.14Graphshowingﬁtnessvalueofbestindividualandaverageﬁtnessvalueofthe
populationduringEE................................. 130
6.1 PolicyIteration.................................... 136
6.2 Averagerewardandlocomotionspeed,duringgaitlearningintheMinibotconﬁgu-
ration......................................... 148
6.3 Averagerewardandlocomotionspeed,duringgaitevaluationintheMinibot
conﬁguration..................................... 149
6.4 Referencetrajectoriesgeneratedbythelearntoptimalpolicy( ),intheMinibot
conﬁguration..................................... 149
6.5 ActuatortrajectoriesoftheMinibotmodules,duringlearntgaitevaluation. ... 150
6.6 ActuatortrajectoriesoftheTripodmodules,duringlearntgaitevaluation..... 150
6.7 Phase-diferencebetweenal modulespairsintheTripodconﬁguration,folowing
thelearntpolicy.................................... 151
6.8 ActuatortrajectoriesoftheQuadropodmodules,duringlearntgaitevaluation.. 152
6.9 Phase-diferencebetweenal modulespairsintheQuadropodconﬁguration,
folowingthelearntpolicy............................... 153
6.10GaittrajectoryoftheQuadropodconﬁguration,folowingthelearntpolicy..... 154
6.11Bird’seyeviewofMinibotandY-botconﬁgurations,andtheirrespectivelocaland
globalcoordinateframes............................... 155
6.12ActuatortrajectoriesoftheY-botmodules,duringlearntgaitevaluation...... 155
6.13Phase-diferencebetweenal modulespairsintheY-botconﬁguration,folowing
thelearntpolicy.................................... 156
xx
6.14 Gait trajectory of the Y-bot configuration, following the learnt policy. . . . . . . . 156
xxi

List of Algorithms
1 Vision based, colored-marker detection and centroid calculation algorithm. . . . . 118
2 Policy iteration algorithm . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 138
3 Value iteration algorithm . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 139
4 Q-Learning algorithm . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 140
5 Q-Learning algorithm for learning locomotion in MR. . . . . . . . . . . . . . . . . 146
xxiii
xxiv
CHAPTER1
Introduction,problemdeﬁnitionandgoals
Scouringforthedeﬁnitionofthewordrobot,onecancomeacrossseveraldiferentdeﬁnitions.
Someofwhichare,
“Amachinecontroledbyacomputerthatisusedtoperformjobsautomaticaly.”-Cam-
bridgeDictionary
“Amachinecapableofcaryingoutacomplexseriesofactionsautomaticaly,especialy
oneprogrammablebyacomputer.”-OxfordDictionary
“Arealorimaginarymachinethatiscontroledbyacomputerandisoftenmadetolook
likeahumanoranimal.”-Meriam-Webster
“Arobotisamechanicalorvirtualartiﬁcialagent,usualyanelectromechanicalmachine
thatisguidedbyacomputerprogramorelectroniccircuitry,andthusatypeofanembedded
system.”-Wikipedia
Ingeneral,arobotcanbedeﬁnedasanelectromechanicalsystemthatcanbeprogrammed
to:(i)eitherbecontrolerremotelybyahumanoperator,(i)ortoperformasetofpredeﬁned
actions,(ii)ortotakeactionsbasedonitssensoryinput,suchthatitphysicalyefectsits
surounding,explicitly. Onecouldthenarguethatawashingmachineoramoderndayair-
conditioncanfalintothiscategory,andso,thetaskofdeﬁningarobotisnon-trivial.
TheﬁeldofMobileRoboticsisconcernedwithautomaticmachinesthathavelocomotion
capabilities.Anymachinethatcanmovearoundinitsenvironment,eithercontroledremotely
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or autonomously, can be categorized as a mobile robot. In contrast, industrial robots, which
have multi-articulated arms connected to a fixed base, are stationary robots. Robot Locomo-
tion is concerned with proving a robot the ability to move from one place to another, which is
accomplished by manipulating its body with respect to the environment. Three basic modalities
of locomotion in land based mobile robotics include: (i) wheel-based locomotion, (ii) legged
locomotion and (iii) limbless locomotion. Wheeled robots are the most energy efficient for
navigating on flat surfaces, but lack the ability to navigate in rough or uneven terrains (e.g.:
stairs). Legged robots, on the other hand, have the potential to navigate in unstructured
environment, they do not need a special infrastructure to operate in, and they are very well
suited to interact with and navigate in human environment (e.g.: home, office, theme-park,
mall, etc.). While limbless robots are robots that mimic creeping/crawling gaits of worms,
insects, serpents, etc. Limbless robots can be useful in applications involving unforeseen and
inaccessible environments, like under collapsed buildings, inside narrow pipes, on sand dunes,
etc., where wheeled and legged robots fail to operate.
1.1 Problem definition
The main objective of this thesis is to develop locomotion controllers for limbless robots and a
legged robot. Specifically, to develop controllers for creeping/crawling gaits in 2D robots, and
bipedal walking gait in a humanoid robot.
Locomotion in general, whether gallop of a horse, flapping wings of a bird, or bipedal
walking of a human, can be seen as repetitive and coordinated movement of limbs, through
which the desired gait emerges. In limbless organisms like caterpillar and snake species,
locomotion comes about as a result of coordinated bilaterally-symmetrical-muscle-contractions
and through coordinated undulation of muscles, respectively. In robots, locomotion can be seen
as coordinated actuation of joint actuators related to locomotion (e.g.: Limb joints of a humanoid
robot).
The problem tackled in this thesis involves bringing about the needed coordination in joint
actuations, which produces a stable gait in the respective robot. One way of achieving this task
is to explicitly model joint trajectories, based on the kinematic structure of the target robot, which
is the traditional approach towards robot locomotion. However, in this thesis, biologically inspired
approaches towards robot locomotion are taken.
Two different robot platforms, one for limbless locomotion and the other for bipedal gait, used
in this thesis are presented in the following subsection.
1.1.1 Robot
The target platforms used in this thesis are Modular Robot (MR)s and a simulated humanoid
robot. Limbless gaits are evaluated on different modular robotic configurations, while bipedal
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walkinggaitisevaluatedonasimulatedhumanoidrobot.
1.1.1.i ModularRobots
AMRisasystemcomposedofseveralunitmoduleswhich,providedself-reconﬁgurablecapabil-
ity,canautonomouslychangeitsmorphology.Eachmodule,inamodularroboticconﬁguration,
isarobotwhichhasitsownactuator,computationunit,sensors,powerunit,andconnectorsto
physicalyconnecttotwoormoremodules.Asinglemodule,duetoitssimplicity,islimitedinits
capability.Butseveralmodulesconnectedtogethertoformabiggerroboticorganism/conﬁgura-
tion,iscapableofperformingmorecomplextasks.Anadvantageofamodularroboticsystemis
itsabilitytochangeitsmorphologytosuitthetaskathand.Also,ifoneorafewmodulesina
roboticconﬁgurationfail,theycanbeeasilyreplacedwithanothermodule,andthecostofthe
entiresystemcanbeboughtdownbymassproducingunitmodules.
Inthisthesis,Y1MR,whichisthecreationofJuanGonzalez-Gomez[Gonzalez-Gomez,
2008]isused.AscouldbeseeninFigure1.1,aY1modulehasanopen-endedcubeshape,
anditismadeupoftwothree-dimensional(3D)’U’shapedobjectsconnectedtogethertoform
anhinge.Themodulehasadimensionof ,1-DegreeofFreedom(DOF),
andarotationalrangeof .AFutaba3003servomotorisusedasthemodule’sactuator.
LocomotioncontrolersareevaluatedbothonsimulatedandrealMRs.Thesimulatorusedis
OpenRAVE[DiankovandKufner,2008],whichisanopensource,OpenDynamicsEngine(ODE)
basedphysicsroboticsimulator.
Themodule’shingesareparaleltothegroundsurfacewhentheactuatorisat ( ).
Atanegativeangle,themodule’shingerotatesinanti-clockdirection,andinclockwisedirection,
atapositiveangle(Figure1.2).
Figure1.1:Y1module(a)Realand(b)Simulatedversions.
1.1.1.i HumanoidRobot
Ahumanoidrobotisarobotwithitsbodyshapebuilttoresemblethatofthehumanbody.
Ahumanoiddesignismainlyforthepurposeofintegratingtherobotwithhumantoolsand
environments,inwhichcase,navigatinghumanenvironmentssuchashome,ofﬁce,hospitals,
mals,etc.becomesimportant.
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(a) (b) (c)
Figure1.2:Y1modulewhileactuatedat(a) ,(b) and(c) .
Inthisthesis,asimulatedversionofthethirdeditionofthe,HumanoidforOpenArchitecture
Platform(HOAP-3)robot(Figure1.3)isusedforbipedalwalkinggait.TheHOAP-3seriesof
humanoidsasaplatformforresearchinbipedallocomotion,humanrobotcolaborationand
whole-bodycontrol,isdevelopedbyFujitsuAutomation,Japan.
Figure1.3:HOAP-3robot.Source:http://robots.uc3m.es/index.php/HOAP3
TheHOAP-3robotweighs ,stands tal,andhas28DOFs.Kinematicstructure
oftherobotisasshowninFigure1.4.
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Figure1.4:KinematicsstructureofHOAP-3.Source:http://robots.uc3m.es/index.php/HOAP3
1.2 Motivation
Motivationfortheresearchconductedduringthedevelopmentofthisthesiscomesfrombiology.
Both,thelocomotionitself,aswelasthemethodsusedfordevelopinglocomotioninrobotsare
biologicaly-inspired.
1.2.1 Locomotion
Inbiology,locomotionisoneofthemaindistinguishingcharacteristicfordiferentiatinganimals
fromplants.Animalsuselocomotionforavarietyofreasons,includingforﬁndingfood,amate,a
suitablehabitat,ortoescapefrompredators.Formanyanimals,theirabilitytosurvivedepends
stronglyontheirlocomotioncapabilities,andso,naturalselectionhasshapedtheirmethod
andmechanismoflocomotion,basedontheanimalandtheirenvironmentalconstraints.For
example,migratoryanimalsthattravelvastdistancesannualy,insearchoffoodandbreeding
grounds,usualyhavegaitsthatcostverylitleenergyperunitdistancetraveled.Ontheother
hand,animalspeciesthatmovequicklyforthepurposeofhuntingdownprey,orforescaping
frompredators,aremorelikelytohaveenergeticalyexpensive,butveryfastgaits.
Typicalrobotapplicationsinvolvejobsthatareeitherdul,dirtyordangerousforhumans.
Robotsusedascompanionsand/orpetsisanotherhugeapplicationdomainunderrobotics.
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Irespectiveoftheapplication,animportantcapabilitymostrobotsneedtopossesstobe
functional,islocomotion.Manyrobotsdesignedandbuilttoday,directlydrawinspirationfrom
humans,aswelasotheranimalmorphologies,withthepurposeofassisting—ifnotreplacing—
humansindaytodaylife.Giventheimportanceoflocomotioninanimalsofalkinds,locomotion
isakeyfeaturethatmostrobotsneedtopossess.Furthermore,robotlocomotioncanalso
beusedforstudyingandtestinghypothesisconcerninghumanandanimallocomotion,froma
biomechanicsperspective.
1.2.2 Methodology
Inbiology,termsMorphology,Evolution,andLearningaredeﬁnedasfolows,
Morphology:Studyoftheformandstructureoforganismsandtheirspeciﬁcstructural
features.
Evolution:Changeinheritablecharacteristicsofbiologicalpopulationsoversuccessive
generations.
Learning:Theactofacquiringnew,ormodifyingandreinforcing,existingknowledge,
behaviors,skils,values,orpreferences,andmayinvolvesynthesizingdiferenttypesof
information.
Anewborncalflearnstostandupinabout30minutes,andtowalkandruninjustafew
hoursafterbirth. Atoddlerlearnstocrawl,andeventualylearnstowalkinabout9to18
monthstimefrombirth.Agoodquestiontothenaskwouldbe:howmuchofthisbehavior
(crawling/walking/running)isevolved(geneticaly-coded)versuslearnt,andwhatinﬂuencedoes
themorphologyoftheorganismhasontheproducedgait?Someliteraturelike[Alexander,
2003]atempttoanswerthisquestion.
Authorof[GatesyandBiewener,1991]studybipedalgaitinground-dwelingbirdspecies,
andcompareitwithhumanbipedalgait,basedondiferenceinmorphologiesbetweenspecies.
Relationbetweensmal morphologicalvarianceandperformanceintheformofgaitspeed,
distancetraveledandtimeoftravel,innewborngartersnakespecies,isstudiedin[Arnoldand
Bennet,1988].
Evolutionoflocomotioninanthropoidprimateshasbeenstudiedin[Ryanetal.,2012].
Theauthorscomparefossilsof16specimentoanalyzeevolutionarychangesinlocomotor
adaptationsinanthropoidprimatesoverthelast35milionyears.Whenlanddwelingmammals
re-enteredtheocean,some60milionyearsago,theyhadtoadapttheirmorphologyand
locomotionforthenewecologythroughevolution,resultinginthecurentdayaquaticmammal
species. Astudyonevolutionofcostefﬁcientswimminginmarinemammalsispresented
in[Wiliams,1999].
In[Adolphetal.,1997],authorsstudylearningofcrawlingandwalkingbehaviorininfants.
Testsofinfantsgoingupanddownslopeswereconductedlongitudinalyfromtheﬁrstweekof
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crawling,untilseveralweeksaftertheybegintowalk.Thisstudysuggeststhatthereareno
transferoflearntknowledgeoverthetransitionfromcrawlingtowalking,butinstead,infants
learnaloveragain,howtocopewithslopesfromanuprightposition.Thestudyalsoconcludes
thatlearningisonline,ratherthanasimpleassociationbetweenaparticularlocomotorresponse
toaparticularslope.
1.3 GoalsandScope
Itisevidentfromstudiesinbiology,thatlocomotionofanorganismisinﬂuenced/shaped:(i)by
aspectsofitsmorphology,(i)throughevolution,and(ii)bylearning.Traditionaly,theproblemof
robotlocomotionistackledinatop-downapproach.Thatis,foraparticulargaittoemerge,ﬁrst
thekinematicstructureoftherobotisconsidered,basedonwhich,jointtrajectoriesaremodeled
throughinverse-kinematics.Objectivesofthisthesisareasfolows,
Studyhowmorphologyofarobotcaninﬂuenceitslocomotion,anddeveloplocomotion
controlersfortwo-dimensional(2D)modularroboticconﬁgurationsthataremorphology
dependent.
Usealgorithmsthatarebasedonbiologicalevolutionforevolvinggaitsinbothleggedand
limblessrobotsinsimulation,aswelastoevolveagaitonaphysicalmodularrobotic
conﬁgurationinthereal-world.
Uselearningalgorithmsinspiredbybehavioristpsychology,forlearninggaitsinmodular
roboticconﬁgurations,inanonlinefashion.
Eachofthethreeapproachestowardslocomotionfolowedinthisthesisareexplainedfurther
inthefolowingsubsections.
1.3.1 MorphologicalComputation
Thephenomenaobservedinbiologicalsystemsthattakeadvantageoftheirmorphologyto
conductcomputationsneededforasuccessfulinteractionwiththeirenvironments,istermed
MorphologicalComputation. Withrespecttorobots,MorphologicalComputationrefersto
outsourcingofcomputationneededforcontrolingtherobot,tomorphologyandmaterialproperty
oftherobot.
InModularRobot(MR)s,whicharephysicalyconnectedmulti-robotsystemsthathavean
embodiment,modulesexertforcesononeanotherwhenactuated.Theseforcescomeaboutas
aresultofphysicalinteractionbetweenmodules,andbetweenmodulesandtheirenvironment,
asafunctionofthemorphologyoftheroboticconﬁguration.So,anobjectiveofthisthesisis
to,ononehandinvestigatewhatefectsmorphologyofamodularroboticconﬁgurationhason
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its locomotion, and on the other hand to develop locomotion controllers that are morphology
dependent and which can adapt to changes in robot morphology.
1.3.2 Evolutionary Robotics
Evolutionary Robotics is a field of research that employs a process analogous to natural
evolution for generating robot controllers that adapt to their environment, all without needing
direct programming by humans. The generation and optimization of robot controllers are based
on evolutionary principles of blind variations, and survival of the fittest. Although typically applied
for creating control system for robots, less frequent, Evolutionary Robotics (ER) methods are
also applied for generating robot morphologies, as well as for co-evolving control systems and
robot morphology simultaneously [Lipson and Pollack, 2000], [Bongard and Pfeifer, 2003].
A common practice in ER is to evolve the controller in simulation and then transfer the
evolved controller on to a physical robot. There exists a reality gap in this method because
not every single aspect of the physical world and the robot can be modeled accurately in the
simulation environment. So, the evolved behavior in simulation may not transfer well onto a real
robot. Embodied Evolution is a ER method, where evolution is performed on the physical robot,
so as to close the reality gap that exist between simulation environment and the real-world.
Objectives of this thesis, from an ER perspective are to: (i) optimize locomotion controllers
through evolution, for both limbless gaits in modular robotic configurations, as well as bipedal
gait in the humanoid robot, (ii) evolve a gait on a physical modular robotic configuration, through
Embodied Evolution (EE).
1.3.3 Reinforcement Learning
Reinforcement Learning is an area under Machine Learning (ML) inspired by behaviorist
psychology in humans and animals. Reinforcement Learning (RL) deals with the problem of
getting an agent to act in the world, so as to maximize its rewards. For example, consider
teaching a dog a new trick, where you cannot tell it what to do or not to do, but you can only
reward or punish it, if it does the right or wrong thing respectively. The agent (dog in this case)
has to figure out what it did that made it get the reward or the punishment, which is known as the
credit assignment problem.
An objective in this thesis, from the learning perspective, is to use RL method to train Modular
Robot (MR)s to locomote. To do so only by rewarding them (in a computational sense) whenever
they take a step forward in the right direction, or by punishing them whenever they either take a
step backward, flip over or stay standstill.
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1.4 Structure of the PhD
The following PhD thesis is structured as follows. First, in chapter 2, page 11, current state-
of-the-art in the fields of MR, particularly related to MR locomotion and controllers, bipedal
locomotion and Morphological Computation are reviewed.
In chapter 3, page 45, five different modular robotic configurations used in this thesis are
explained first, followed by four different locomotion controllers for MR locomotion developed
in this thesis are presented. The first two controllers are heterogeneous and periodic-function
based locomotion controllers, while the next two are homogeneous and morphology based
locomotion controllers.
In chapter 4, page 87, a feature based linear periodic locomotion controller for bipedal gait in
humanoid robots is presented. Control parameters are first hand-tuned to replicate a cart-table
model based gait, and the same is evaluated on the simulated humanoid robot. Then, a walking
gait is evolved by optimizing control parameters through Evolutionary Algorithm (EA).
In chapter 5, page 105, an Embodied Evolution (EE) approach for evolving gaits in physical
modular robotic configurations is presented. The hardware implementation, experimental setup
for EE, and the EA implemented, are all explained in detail in this chapter.
In chapter 6, page 133, first an overview of RL and Markov Decision Process (MDP) are
provided. Then, a popular RL algorithm called Q-Learning, and an adaptation of it for the
purpose of learning locomotion in MRs are presented. Implementation of the learning algorithm
and evaluation results of the learnt gait are provided to close this chapter.
Finally, the thesis is concluded in chapter 7, page 159.
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CHAPTER2
State-of-the-art
Introduction
AspresentedintheIntroductionchapter,theaimoftheworkpresentedinthisPhDthesisis
locomotioninMR,andbipedalgaitinahumanoidrobot.Inthischapter,ﬁrstanintroductionto
theﬁeldofMRisprovided,folowedbyreviewofawiderangeofMRplatformsintheliterature.
Then,someofthemostcommongaitsdevelopedinMRarereviewed,folowedbyareviewon
awiderangeoflocomotioncontrolerinMR.Someworkrelatedtobipedalgaitinhuamnoid
robots,andMorphologicalComputationintheﬁeldofroboticsarealsoreviewedinthischapter.
2.1 Modularrobotics
ASelf-ReconﬁgurableModularRobotcanbedeﬁnedasanaggregationofthefolowing
deﬁnitions,
Module:Apieceorasetofpiecesthatarerepeatedinaconstructionofanykind,tomake
iteasier,regularandeconomical.
ModularRobot:Aroboticsystemformedoutofindependentunitmodules.
Reconﬁgurable/Multi-ConﬁgurableModularRobot:AMRsystemwhereinmodules
canbe(manualy)connectedtoeachotherinmultiplewaystoformrobotsofvarying
morphologies.
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Self-ReconﬁgurableModularRobot:AreconﬁgurableMRthathastheabilitytoinde-
pendentlychangeitsmorphologythroughself-reconﬁguration.
SoaSelf-ReconﬁgurableModularRobot(SRMR)isasystemthatiscomposedofsev-
eralindependentunitmodules,whicharerobotsthemselves,andhastheabilitytochange
itsmorphologythroughself-reconﬁguration.Eachmoduleinsuchasystemwouldhaveits
owncomputationunit,actuator(s),sensor(s),powersupplyandtwoormoreconnectorsto
physicalyconnecttoothermodules.Asinglemodule,duetoitsrelativesimplicity,islimitedin
itscapability.Butseveralmodulesconnectedtogethertoformabiggerroboticorganism(ora
roboticconﬁguration),iscapableofperformingmorecomplextasks.AnadvantageofaSRMR
systemisitsabilitytochangeitsmorphologytosuitthetaskathand.Also,ifoneorafew
modulesintheconﬁgurationfail,thentheycanbeeasilyreplacedwithanothermodule,andthe
costoftheentiresystemcanbeboughtdownbymassproducingunitmodules.
MRsbasedontheirconﬁgurablecapabilities,canbeclassiﬁedinto:reconﬁgurableor
multi-conﬁgurable,self-reconﬁgurable,self-assembling,metamorphicandself-replicantsystems.
Reconﬁgurabilityreferstothepropertyofasystemtobeconﬁguredindiferentways,without
consideringthemeansofreconﬁguration.Self-reconﬁgurablerobotsarethosethatareableto
changetheirconﬁgurationontheirown,whileinmanualyconﬁgurablerobotsthereconﬁguration
hastobedoneexternaly(i.e.byanoperator).Metamorphicrobotsarethosethatarecomposed
ofonekindofrepeatedmodulethatisabletochangeitsshape.Mostreconﬁgurablerobots
arealsometamorphic.Self-assemblingrobotshavetheabilitytoindependentlycometogether
toformintoabiggerentity.Inmostcases,self-assemblingrobotsarealsoself-reconﬁgurable,
withtheabilitytochangetheirmorphology.Self-replicatingrobotsarethosethathavetheability
tomakecopiesofthemselves—providedtheyhavethenecessarymodules—bytheirown
means.
Basedonthearchitectureoftheconﬁguration,aMRcanbebroadlyclassiﬁedintolatice-type,
chain-typeandhybrid-typearchitectures.Latice-typearchitectureshaveunitsthatarearanged
andconnectedinsomeregularspace-ﬁlingtwo-dimensional(2D)orthree-dimensional(3D)
paterns,suchasa2Dgrid,orcubicorhexagonalgrid.Controlandmotioninlatice-typeare
executedinparalel,andtheyusualyofersimplercomputationalrepresentationthatcanbe
moreeasilyscaledtocomplexsystems.Inlatice-typesystemslocomotionisachievedthrough
continuousself-reconﬁguration,whereeachmodulehastheabilitytomoveindependentlyin
theconﬁguration.Locomotioninlatice-typesystemsgivesthenotionofmodulesﬂowingon
theground,whichisvisualysimilartolocomotionofanamoeba,ortothatofapuddleofwater
ﬂowingonaﬂatsurface.
Chain-type(ortree-type)architectureshaveunitsthatareconnectedtogetherinastring
ortreetopology.Thischainortreecanfolduptobecomespaceﬁling,buttheunderlying
architectureisserial. Chain-typearchitecturescanreachanypointin3Dspace,andare
thereforemoreversatile,butaremorecomputationalydifﬁculttorepresentandanalyze.Ina
chain-typesystemlocomotionisachievedbycontrolingtheDegreeofFreedom(DOF)actuator(s)
ofindividualmodulesinaﬁxedconﬁguration.
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Hybrid-typearchitectureshavefeaturesfrombothlatice-typeandchain-typearchitectures.
ManyofthemorerecentMRscanbeclassiﬁedashybrid-typesystemsbecausetheycanbe
conﬁguredbothaschain-typestructuresandlatice-typestructures.
Amodularroboticconﬁgurationcaneitherbecomposedofhomogeneousmodules,where
altheunitmodulesareidentical,orwithheterogeneousmodules.InanheterogeneousMR
system,aroboticconﬁgurationcouldbecomposedoftwoormorekindsofmodules,whereeach
typeofmoduleisdesignedforaspeciﬁctask.
2.1.1 Theorigins
Theoriginofmodularmulti-conﬁgurablerobotsisknowntohavestartedin1990withCelular
RoboticSystem(CEBOT)[FukudaandKawauchi,1990],fromNagoyaUniversity,adynamicaly
conﬁgurablerobot(Figure2.1)thathasthecapabilityofself-organizing,self-evolutionandfunc-
tionalampliﬁcation1.Itiscomposedbymanyroboticunits,caledcels,withasimplefunction.
CEBOTcanreconﬁgurethewholesystemdependingonthegiventaskandenvironment,and
organizecolectively,asasystemdemonstratingSwarmInteligence.TheconceptofCEBOTis
basedonbiologicalmulti-celularorganisms.Thisresearchprojectincludedmutualcommunica-
tionbetweencels,optimumdynamicknowledgealocationamongcels,reconﬁgurationstrategy
ofthesystemandArtiﬁcialLifeconceptssuchasmodelingcooperativebehaviorinantswarms.
Thisprojectaddressedmanyinterestingresearchproblemssuchasdynamicdecentralized
planning,dynamicdistributedandcoordinatedcontrolsystems,aswelashardwaresystems.
Experimentsinautomatedreconﬁgurationwerecariedout,buttherobotdidn’thavetheability
toself-reconﬁgure,asamanipulatorarmwasrequiredtodoso.
Figure2.1:CelularRoboticSystem(CEBOT).Source:[FukudaandKawauchi,1990]
ThehistoryofModularRobot(MR)canbetracedbackto1972,whentheActiveCord
Mechanism(ACM)[Hirose,1993]wascreated.Itwastheﬁrstrobotusingtheprinciplesofa
1Abilityofasystemtocoordinatetogethertoaccomplishtasksthatcannotbeachievedbyindividualunits
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serpentinelocomotion,mimickingthegaitofanactualsnake.ItwascreatedbyS.Hiroseatthe
TokyoInstituteofTechnology,anditcouldmoveataspeedofapproximately40cm/sec.The
entirelengthoftherobotwas2m,andithad20joints.Eachjointconsistsofservo-mechanisms
thatcanbendtotheleftandright.Tomakecontactwiththeground,casterswereinstaledalong
thelengthofthebody,andcharacteristicswereaddedthatmakeiteasytoslideinthedirection
ofthetorsoanddifﬁculttoslideintheorthogonaldirectionofthebodylength.
Locomotioninthisrobotwasachievedbysendingsinusoidalcontrolsignalstotheheadjoint
servo,folowedbyaphase-shiftedsinusoidalsignaltothefolowingjoint,andsoontoalthe
jointsfromtheheadtothetailoftherobot.Thisresulted,inthebodyasawhole,propeling
forwardbysendingawavefromtheheadtothetailoftherobot,andthetorsooftherobot
slidingovertheﬂoorwiththehelpofthethepassivecaster-wheels.Thisprincipaloflocomotion
corespondstothatoftheswimmingmotionofaneel.Althoughinitsoriginversion,ACMcannot
beclassiﬁedasamodularmulti-conﬁgurablerobot,itwasamilestoneduringitsdevelopment.In
thelastversion(ACM-R5)eachjointunithasaCPU,bateryandmotors,sothattheycanoperate
independently.Throughcommunicationlineseachunitexchangessignalsandautomaticaly
recognizesthetotalnumberofunitsfromtheheadtotail.Inthelatestversion,operatorscan
remove,add,andexchangeunitsfreelyandtheycanoperateACM-R5ﬂexiblyaccordingto
situations.Itcanoperatebothonthegroundandinwaterundulatingitslongbody.Theevolution
ofACMisasseeninFigure2.2.
Figure2.2:ActiveCordMechanism:(a)VersionII,(b)R3,(c)R4and(d)R5.Source:http://www.
expo21xx.com/automation21xx/18224_st3_university/default.htm
2.1.2 Chain-type
Chain-typearchitectureisthemostcommonarchitecturetypefoundamongsystemsintheearly
yearsofModularRobot(MR).Locomotioninachain-typesystemsareachievedbycontroling
actuator(s)ofindividualmodulesinaﬁxedconﬁguration.SomeofthemostcommonMRsin
2.1. Modularrobotics 15
theliterature,fromtheearlyyearstothemostrecentdesign,arereviewedinthefolowing
subsections.
2.1.2.i PolyBot
PolyBot[Yimetal.,2000][Yimetal.,2001][Yimetal.,2007]istheevolutionofPolyPodfrom
year1997(2.3a).Itismadeupofmanyrepeatingmodules.Eachmoduleisvirtualyaroboton
itsown,havingacomputer,amotor,sensorsandtheabilitytoatachtoothermodules.Insome
cases,powerissuppliedof-boardandpassedfrommoduletomodule.Thesemodulesatach
togethertoformchains,whichcanbeusedasanarm,legoraﬁnger,dependingonthetaskat
hand.
PolyBothasgonethroughmanyvariationswiththreebasicgenerations.Theevolutionofthe
mainmoduleisasseeninFigure2.3b.PolyBotfeaturesseveraldiferentconﬁgurations(snake,
wheel,quadruped,etc),amulti-master/multi-slavestructureinamulti-threadedenvironment,
withthreelayersofcommunicationprotocol(MDCN)andaAtribute/ServiceModel.
(a)Conﬁgurations
(b)Moduleversions
Figure2.3: PolyBot. Source: http://spectrum.ieee.org/robotics/industrial-robots/
modular-robots
2.1.2.i CONRO
TheCONROSelf-ReconﬁgurableModularRobot(SRMR)2[Castanoetal.,2000][Castanoetal.,
2002][Shenetal.,2002]wasdevelopedbyP.Wiletal.,attheUniversityofSouthernCalifornia.
Itismadeofasetofconnectablemodules(Figure2.4).Eachmoduleisanautonomousunit
2
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thatcontainsbateries,oneSTAMPI micro-controler,twomotors,fourpairsofIRtransmiter-
s/receiversandfourdockingconnectorstoalowconnectionswithothermodules.Ofthefour
connectors,eachmodulehasonemaleconnector,usedtoconnecttoothermodules,andthree
femaleconnectors,towhichothermodulescanconnectto.
Adistributedcontrolmechanisminspiredbytheconceptofhormonesinbiologicalsystemsis
developedforcontrolingCONROmodularroboticorganisms.Hormonesarespecialmessages
thatcantriggerdiferentactionsindiferentmodules.Theycanbeusedtocoordinatelocomotion
andreconﬁgurationinthecontextoflimitedcommunicationanddynamicnetworktopologies.An
automaticdockingsystemthroughSMA-triggeredlocking/releasingmechanismsisdeveloped
aspartoftheCONROproject.
Figure2.4:DiferentconﬁgurationsofCONRO.Source:http://www.isi.edu/robots/conro/
2.1.2.ii Molecubes
Molecubes3[Zykovetal.,2005],developedbyV.ZykovandH.LipsonatCornelUniversity,isa
metamorphicrobotmadeupofaseriesofmodularcubes,eachcontainingidenticalmachinery
andthecompletecomputerprogramforreplication(Figure2.5).Thecubeshaveelectromagnets
ontheirfacesthatalowthemtoselectivelyatachtoeachother,aswelasdetachfromone
another,andacompleterobotconsistsofseveralcubeslinkedtogether.Eachcubeisdivided
intotwohalvesalongthediagonal,whichalowsarobotcomposedofmanycubestobend,
reconﬁgureandmanipulateothercubes.Forexample,atowerofcubescanbenditselfoverata
rightangletopickupanothercube(2.5a).
2.1.2.iv Symbricator
Symbricator4[Kernbachetal.,2011a][Kernbachetal.,2011b][Mathiasetal.,2012][Russo
etal.,2012][Schlachteretal.,2012]isaheterogeneous,SRMRplatformdevelopedmainlyat
theInstituteofParalelandDistributedSystems,UniversityofStutgart,andattheInstitutefor
ProcessControlandRobotics,KarlsruheInstituteofTechnology,aspartofEuropeanfunded
projectsSymbrionandReplicator.Aspartofthisﬁveyearproject,threedistinctMRplatforms,
3
4
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(a)Firstversion (b)Secondversion
(c)Thirdversion
Figure2.5:Molecubes.Source:[Zykovetal.,2005]
namelyBackbone,ActiveWheelandScout,weredeveloped(Figure2.6),witheachplatform
designedforaspecialpurposeintheendmission.
TheresearchobjectivesoftheSymbricator(Symbrion+Replicator)projectwastoinvestigate
reconﬁgurability,adaptabilityandlearn-abilityinmodularroboticorganismsononehand,andto
investigateevolvabilityofsymbiotic5systems,andanalogiestobiologicalsystemswithrespect
tolong-termandshort-termevolution,ontheotherhand.
TheBackboneplatformhasanopenendedcubeshape,andhas1-DegreeofFreedom(DOF)
forthree-dimensional(3D)locomotion.Ithasaverystrongbrushlessdrivecapableoflifting
severalconnectedmodules,andisspecializedfor3Dlocomotion.Eachindividualmodulecan
alsoperformlocomotionintwo-dimension(2D),inalfourdirections,usingapairofspecialized
screw-driverwheels.Connectedmodulescanalsomoveintwo-dimensional(2D)usingthese
wheels.Inthisplatform,eachmodulehasfoursymmetric,genderlessdockingelementsfor
connectingtoothermodules,andsomebasicsensorsforperceivingitsenvironment.
TheActiveWheelplatformisdesignedwiththemainfunctionalityoftransportationtaskin
mind.ItisabletocaryandtransportamodularroboticorganismmadeupofseveralBackbone
andScoutmodules,inanenergyefﬁcientmanner.Thisplatformhastwosymmetricarms
connectedatthehinge,whichcanrotateintherangeof .Twoomni-directionalwheels
areatachedattheendofeacharm,whichprovides2Dlocomotioncapabilitiesforthisplatform.
Therearetwodockingelementsonthehinge,whichcanbeusedtoconnectothermodules.
Eachdockingelementcanrotateindependently,andhastwoseparatemotorsforthis.
TheScoutplatformissimilarinshapetotheBackboneplatform,butitisdesignedforthe
5Symbiosis:Closeandoftenlong-terminteractionbetweentwoormorediferentbiologicalspecies
18 Chapter2.State-of-the-art
purposeoffastlocomotionforexploration.Thisplatformhastracksforfast2Dlocomotion
onroughterain.Ithasextrasensorscomparedtotheothertwoplatforms,forsensingand
explorationtask.Ithastwolaser-camerasystemsonitsfrontandrear,forfarandshort-range
obstacledetection.Italsohasamotorfor3Dlocomotion,butthemotorisnotaspowerfulas
theonepresentintheBackboneplatform,asthemainpurposeofthisplatformisnotmacro-
locomotion,butexploration.Fourdockingunitsareavailabletoconnecttoothermodules,and
thedockingunitontheleftsidehasaseparatemotorforrotatingbetween .These
modulesarebestsuitedtobeplacedontheouteredgeofamodularroboticorganism,asit
wouldthennothavetoomanymodulestoliftfor3Dlocomotion,andcanusetheextrasensors
forsensingtheenvironment.
Althreeheterogeneousmodularroboticplatformshavesomehomogeneouselements,one
ofthembeingthecommondockingmechanism,requiredforconnectinganycombinationof
diferenttypesofmodulestoformalargermulti-roboticorganism.Adockingdesigncaled
ConeBoltLockingDevice(CoBoLD)isemployedforthedockingunits,whichisgenderless,
symmetricandcanhandlemisalignment.Thedockingunitalsoprovideswiredcommunication
andenergysharingbetweenconnectedmodules.Asoneofthemainresearchgoalsofthis
projectisenergysharingmechanismbetweenconnectedmodules,auniﬁedenergysharing
systemiscommonlyimplementedinalthreeplatforms.
(a)ActiveWheel
(b)Backbone (c)Scout
Figure2.6:Symbricatormodules.Source:[Kernbachetal.,2011b]
2.1.2.v Microtub
Microtub[Bruneteetal.,2012b]isanheterogeneousmodularmulti/conﬁgurablemicrorobot
developedattheTechnicalUniversityofMadrid(UPM).Itiscomposedofdiferenttypesofactive
modules(onesthatareabletomove)andpassivemodules(onesthathavetobeactedupon).
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Different types of modules that have been developed under this project is as shown in Figure 2.7.
Diameter of each module is only 27 mm, and thickness of some parts is less than 1 mm.
The camera/contact module is used for environment information acquisition, needed for
detecting holes, breakages and cracks in the pipes. It is also used as a contact sensor to detect
if the microrobot is facing an obstacle. The rotation module has 2-DOF, that allows the module
to rotate in vertical and horizontal planes. A set of these modules put together can perform an
undulating (snake-like) locomotion. The support and extension modules are used to perform
inchworm like locomotion (move forward and turn right and left). Finally, the helicoidal module
was designed to be a fast-drive module that is able to push other modules forward or in reverse
directions.
To assemble the modules together, a common interface has been built. This interface allows
for mechanical and electrical connections between the modules. Each module includes an
electronic control board that performs the following tasks: control of actuators and sensors,
communications, auto-protection and adaptable motion, self-orientation detection, and low-level
embedded control.
Figure 2.7: Microtub modules. Source: [Brunete et al., 2012b]
2.1.3 Lattice-type
In lattice-type architecture, modules connect their docking interfaces at points to form virtual
cells of some regular grid-structure. This network of docking points can be compared to atoms in
a crystal and the grid to the lattice of that crystal. Usually few units are sufficient to accomplish a
reconfiguration step. A much simpled mechanical design and computational representation is
allowed in lattice-type architecture. Reconfiguration planning, in lattice-type architecture, can be
scaled to complex systems, much easily.
2.1.3.i Cross-Cube and Cross-Ball
Cross-Cube [Meng et al., 2010] and Cross-Ball [Meng et al., 2011] were developed at the
Stevens Institute of Technology, mainly for studying self-reconfiguration in Modular Robot (MR).
These platforms were used to study how Self-Reconfigurable Modular Robot (SRMR) can adapt
in dynamic environments by changing their morphologies.
Cross-Cube is a SRMR developed in a robot simulator using a real-time physics engine
PhysX (Figure 2.8). Each module in a Cross-Cube robot is a cubic structure having its own
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Figure2.8:Cross-CubeModule.Source:[Mengetal.,2010]
(a)Module
(b)ParalelandDiagonalmovements
Figure2.9:Cross-Bal Module.Source:[Mengetal.,2011]
computingandcommunicationresourceandactuationcapability.Eachmodulecanperceiveits
localenvironmentusingon-boardsensors,andcommunicatewithneighboringmodules.Each
Cross-Cubemoduleconsistsofacoreandashel.Thecoreisacubewithsixuniversaljoints.
Eachjointcanbeatachedtoordetachedfromthejointsofitsneighboringmodules.Theaxisof
eachjointcanbeactivelyrotated,extended,andreturnedtoitsdefaultdirection.Basicmodule
movementsincluderotating,climbing,andparalelmovements.
Cross-Balisanewlatice-based,three-inchdiametersphereSRMRdesign,thatiscurently
underdevelopmentattheStevensInstituteofTechnology(Figure2.9).Itsmajorfeatures
include:severalﬂexiblereconﬁgurationcapabilitiessuchasrotating,paralelanddiagonal
movements,sothatvariousthree-dimensional(3D)conﬁgurationscanbeconstructed;aﬂexible
androbusthardwareplatformforSRMRsusingcomplexself-reconﬁgurationalgorithms,such
asthemorphogeneticcontrolalgorithmdevelopedforMRsintroducedin[Mengetal.,2010];
andthemobilityofeachindividualmoduletosimplifytheconﬁgurationprocessundercertain
scenariosandpotentialapplicationstoswarmrobotics.Itconsistsofthreemaincomponents:an
armsysteminthemiddleandtwosphericalhalvesonthesides.Thetwosphericalhalvescan
rotateaccordingtothearmsystem.Threepairs(six)ofgenderlessatachmentmechanisms
areequippedinthreeorthogonaldirections,witheachatachmentofapairplacedopposite
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to each other. Using the rotary arm and side clasp, a module is capable of three types of
self-reconfiguration motions: rotating, parallel and diagonal movements.
2.1.4 Hybrid-type
Hybrid-type architecture takes advantages of both chain-type and lattice-type architectures.
Control and mechanism are designed for lattice-type reconfiguration, in addition to allowing a
module to reach any point in the configuration space. Some of the most recent designs are of
Hybrid-type architecture, which are reviewed in the following subsections.
2.1.4.i UBot
UBot [Zhao et al., 2011] [Liu et al., 2012] (Figure 2.10) is a novel Self-Reconfigurable Modular
Robot (SRMR) system made of autonomous robotic modules at the State Key Laboratory of
Robotics and System of Harbin Institute of Technology. Each robotic module is made up of a
simple structure and 2-Degree of Freedom (DOF). A group of connected modules are able to
change their configuration by changing their local connections, and has functionality of a robotic
system which is capable of generating complicated motions for accomplishing a large variety
of tasks, such as: transportation, exploration, inspection, construction and in-situ resource
utilization.
Multimodal locomotion and self-reconfiguration are the basic and essential capabilities for
a SRMR system, and UBot achieves these by combining the advantages from chain-type and
lattice-type systems. Each UBot module is a cubic structure, based on a universal joint with two
rotational DOF and four connecting surfaces that can connect to or disconnect from adjacent
modules. The smart structure and the reliable connecting mechanism of the modules make the
robot flexible enough to perform both multimodal locomotion and self-reconfiguration. UBot can
perform locomotion in the modes of quadruped, chain and loop configurations. Besides, the
system can self-reconfigure from one configuration to another (e.g.: Quadruped configuration to
chain configuration).
UBot presents a new sensor module for SRMR system, and a novel docking method for
precise docking between modules. The sensor module is designed with the same external
dimensions as active and passive modules. In order to maintain functional consistency, the
connecting surfaces are equipped with hook holes and electrical contacts to connect and
communicate with active modules. The sensor module is installed inside with a wireless CCD
vision sensor, four linear Hall sensors, infrared distance sensors and acceleration sensor. The
automated docking progress has three steps: visual prepositioning process, precise positioning
through hall sensors and crawling and self-locking by the hook-type connecting systems.
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(a)Activeandpassivemodules
(b)Caterpilargait (c)Quadrupedgait
Figure2.10:UBot.Source:[Zhaoetal.,2011]
2.1.4.i SMORES
Self-assemblingMOdularRobotforExtremeShape-shifting(SMORES)6[Daveyetal.,2012]
isaSRMRdevelopedattheUniversityofPennsylvaniawiththegoalofrealizingauniversal
ModularRobot(MR).Itusesﬁveidenticalmotorstoachieveamodulewith4-DOF(Figure2.11),
threeactivedockingconnectors,andmodulemovementthatcanutilizelatice,chainandmobile
modulemovementstrategies.SMORESmodulescandriveuprightandupsidedown,andmove
bythemselvestoconnectwithothermodules.SMORESisdesignedtoemulateconnectionpoint
arangementsandDOFofmanyexistingsystemslikePolybot,CONROandSuperbot,amongst
others.
SMOREShasonepassiveandthreeactivedockingports.Activedockingportscontrolthe
atachmentprocess,andpassiveportsonlyprovideaphysicalspaceforaneighboringmoduleto
connectto.Alconnectorsonthemodulearegenderless.Powerison-boardandcommunication
betweenmodulesisachievedwirelessly,sodockingconnectionsareneededonlyformechanical
atachment.On-boardprocessingisdonebyanmbedmicro-controlerthatisbasedontheNXP
LPC1768,witha32-bitARMCortex-M3corerunningat96MHz. Wirelessdatatransmission
betweenmodulesandacentralcontrolerisachievedwithX-Beeradiotransmiter/receivers.
6
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Figure2.11:SMORESModule.Source:[Daveyetal.,2012]
2.1.4.ii
(ModularMobileMultirobot)[Wolfeetal.,2012]isadesignforalow-costMRbased
onapreviousdesign[Kutzeretal.,2010]developedattheJohnsHopkinsUniversity.The
modulesareself-mobile,withthreeindependentlydrivenwheelsthatalsoserveasconnectors
(Figure2.12).Thenewconnectorscanbeautomaticalyoperated,andarebasedonstationary
magnetscoupledwithmechanicalyactuatedferomagneticyokepieces.Extensiveuseofplastic
castings,laser-cutplasticsheets,andlow-costmotorsandelectroniccomponentsaremadein
developingthisplatform.ModulesinterfacewithahostPCviaBluetoothradio.Anof-board
camera,alongwithasetofmodulesandacontrolPCformaconvenient,low-costsystemfor
rapidlydevelopingandtestingcontrolalgorithmsforself-reconﬁguration.
Toreducecost,onboardsensingisminimizedthroughtheuseofexternalimaging.Multiple
robotscanoperateinanarenaobservedbyanoverheadcamera.Areal-timeprogramrunning
inMATLABinterfacestothecameraoverUniversalSerialBus(USB)portandtoeachrobot
inthearenaviaBluetooth.Specialabsoluteencodermarkingsontheperimeterofwheels
areusedtoprovidehigh-accuracymeasurementofwheelangles.Theprocessorusedisan
AtmelATmega328runningArduinoﬁrmware.Serialcommandsareparsed,andthenmotion
commandsaresenttothreePIC18F1320microprocessorswithaStep/Directioninterface.Each
PICperformsclosed-looppositionand/orspeedcontrolonthemotors,countsencoderpulses,
andoutputsaPulseWidthModulation(PWM)signalforthemotordriver.Theestimatedcostof
thesystemisonly190$.
2.1.4.iv Roombots
Roombots(RB)[Sproewitzetal.,2009][Spr¨owitz,2010]weredevelopedattheSwissFederal
InstituteofTechnologyinLausanne(EPFL)toformthebasisforself-reconﬁgurablefurniture
(Figure2.13).RBweredesignedtofacilitateasinglemoduletoautonomouslytravel,through
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(a)Exampleofcomplexlaticeandchainstruc-
tures
(b)Detailofthemodule
Figure2.12: 3 .Source:[Wolfeetal.,2012]
self-reconﬁguration,toanypositiononatwo-dimensional(2D)grid.Hereamodulecantravel
ona2Dgridthroughasequenceofatachmentsanddetachmentsbetweenthemoduleand
theconnectionmechanismofthegridstructure.Thedesignalsoensuretoovercomeconcave
edgesin3D,byusingonly3-DOFpermodule.
AsingleRBmoduleiscomposedoftwocube-likeelements,eachwithanedgelengthof
110mm.EachmodulehasthreecontinuousrotationalDOF,anduptotenfour-waysymmetric,
hermaphroditeActiveConnectionMechanisms(ACM)connectors,alowingRBmodulesto
autonomouslyconnecttoanddisconnectfromotherRBmodulesandthegridstructures.ARB
moduleweighsabout1.4kg.AnyjointofaRBmodulecandeliversufﬁcienttorquetoliftan
additionalRBmodule.
Figure2.13:Roombots.Source:[Bonardietal.,2012]
2.1.5 Locomotion
LocomotioninModularRobot(MR)sisachievedthroughcoordinatedactionofindividualmodules.
Inchain-typeMRs,locomotionisachievedthroughcontinuousactuationofit’sDegreeofFreedom
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(DOF) motors, whereas in latice-type, locomotion comes about as a result of continuous self-
reconﬁguration. Gait produced by a modular robotic conﬁguration depends on the morphology
of the conﬁguration. Gaits ranging from creeping and crawling gaits, achievable in limbless
modular robotic conﬁgurations, through walking and roling gaits achievable in more complicated
two-dimensional (2D) and three-dimensional (3D) conﬁgurations are reviewed in the folowing
subsections.
2.1.5.i Limbless locomotion
Modular robotic conﬁgurations that lack limbs, such as linear conﬁgurations, use their body to
generate the propulsive force needed for locomotion. Three diferent limbless gaits that utilize
module’s DOF motors in linear conﬁgurations have been surveyed in the folowing subsections.
Caterpilar gait
Caterpilar gait is the most common gait in al of chain-typeMRs [Kurokawa et al., 2003], [Støy
et al., 2003], [Brunete et al., 2012b], [Gonzalez-Gomez and Boemo, 2005], [Gonzalez-Gomez,
2008]. It has been implemented in virtualy al the modular robotic platforms discussed in
subsection 2.1.2, page 14. It is a one-dimensional (1D) gait inspired by the crawling locomotion
of a biological caterpilar. The robot can move either in forward or backward directions on a
straight line, and it is commonly implemented in linear modular robotic conﬁgurations. The gait
is achieved by oscilating only the pitch-axis actuator(s) of connected modules, with consistent
phase-shift in oscilation between consecutive modules (Figure 2.14). This produces a traveling
wave along the length of the conﬁguration, which results in propeling the robot forward in the
direction of the traveling wave. Negating the phase-shift values of the oscilating modules, results
in the linear robot moving in the opposite direction.
Figure 2.14:Phase-relation between consecutive modules in a linear conﬁguration to produce Caterpilar
gait. Source: [Gonzalez-Gomez, 2008]
Lateral-shift
This is a2Dgait, and can be implemented in linear conﬁgurations with alternating — pitch-axis
(vertical oscilation) and yaw-axis (horizontal oscilation) — actuators, along the length of the
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conﬁgurations. Lateral-shift gait is inspired by and replicates locomotion ofsidewindersnake
species. This gait is achieved by oscilating both pitch-axis actuators and yaw-axis actuators of
the conﬁguration, but here phase-shift in oscilating modules are separate for the two sets of pitch-
axis and yaw-axis actuators. There exists consistent phase-shift between consecutive pitch-axis
actuators, as wel as between consecutive yaw-axis actuators (Figure 2.15). Amplitude, ofset
and phase parameter of the oscilation determines the shape, direction and speed of the gait.
Lateral-shift gait is demonstrated in [Støy et al., 2003], [Brunete et al., 2012b], [Gonzalez-Gomez
and Boemo, 2005] and [Gonzalez-Gomez, 2008].
Figure 2.15:Phase-relation between pitch-axis (vertical oscilation) and yaw-axis (horizontal oscilation)
actuators in a linear conﬁguration, for producing lateral-shift gait. Source: [Gonzalez-Gomez, 2008]
Inchworm
(a)Support module (b)Extension module
(c)Inchworm conﬁguration
Figure 2.16:Microtub inchworm gait modules and conﬁguration. Source: [Brunete et al., 2012b]
Inchworm gait is achieved in linear conﬁgurations by contracting and elongating the length of
the conﬁguration. In [Brunete et al., 2012b], inchworm gait inside pipes of varying diameters
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has been implemented in the heterogeneous multi-configurable MR Microtub, using two kinds
of modules: support module (Figure 2.16a), and extension module (Figure 2.16b). Support
module, the outer surface of which is partially rubber, when actuated expands outward, firmly
holding the module to the inner-surface of the pipe. It is a passive module, as in, it does not by
itself propel the robot, but aids in doing so. The extension module, which has a linear actuator,
when actuated can both extend and rotate in the yaw-axis. The gait is achieved by connecting
at least one extension module in between two support modules (Figure 2.16c). Sequence of
action in such a configuration to achieve inchworm gait is as follows,
1. Rear support module is actuated, expanding and holding the surface of the pipe, while the
front support module is released.
2. The center extension module is extended, pushing the robot forward.
3. Front support module is actuated, while the rear support module is released.
4. The center extension module is contracted, pulling the robot forward.
In [Wang et al., 2009] the authors have studied kinematics of the gait of a biological inchworm,
and replicated the same on a linear modular robotic configuration with suction cups. Two kinds
of modules are used: joint modules (Figure 2.17a) with 1-DOF actuator in pitch-axis, and
attachment modules (Figure 2.17b) with an active suction cup for attaching the module to
vertical surface. A linear configuration is formed by connecting three joint modules serially, along
with two attachment modules at either end (Figure 2.17c). Here, locomotion is achieved by
first activating the upper attachment module, holding the configuration on the vertical surface,
while releasing the lower attachment module, and at the same time contracting the length of
the configuration by actuating all three joint modules. Then by activating the lower attachment
module, while releasing the upper attachment module, and actuating the joint modules to extend
the length of the configuration, pushing the robot upward.
In [Russo et al., 2012] inchworm gait has also been achieved in a linear configuration
containing three Scout modules (Figure 2.18). The gait is achieved by repeating cycles of
contraction and elongation of the body length of a linear configuration, through coordinated
actuation of module’s DOF actuators. Here, unlike in the previous two cases, the gait has been
demonstrated on horizontal surface, in open-air.
2.1.5.ii Walking locomotion
In biological terms, walking is a gait in which at least one foot is kept in contact with the ground
at all times during locomotion. Configurations in which modules span 2D surface of the ground
plane, during locomotion, can be classified as 2D configurations, while configurations with
modules spanning 3D space can be classified as 3D configurations. Common walking gaits in
2D and 3D configurations found in the literature are as reviewed in the following subsections.
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(a)Jointmodule (b)Atachmentmodule
(c)Inchwormconﬁguration
Figure2.17:Inchwormmodulesandconﬁguration.Source:[Wangetal.,2009]
Figure2.18:InchwormconﬁgurationusingthreeScoutmodules,performinginchwormgait.(a)start
position,(b)and(c)contraction,(d)elongation.Source:[Russoetal.,2012]
2Dwalker
In[Russoetal.,2012]ﬁveScoutmodulesareusedina2Dquadrupedconﬁguration(Figure2.19),
wherefourmodulesformlimbsofthequadruped,whiletheﬁfthmoduleisthetorsomodule,
holdingtherestofthemodulestogether.Here,eachlimbhasonerotationalDOFinthepitch-
axis,andlocomotioninanydirectionona2Dplainisachievableinthisconﬁguration.The
quadrupedcanmoveinforwardandbackwarddirectionsataspeedof ,andtheauthors
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haveexperimentalyprovenitsabilitytoclimboverobstacles highandataslopeof .
Figure2.19:Scout2Dquadrupedconﬁgurationperforminfour-leggedlocomotion.Source:[Russoetal.,
2012]
3Dwalker
3Dquadrupedconﬁgurationshavebeenpresentedin[Stoyetal.,2002]and[Pouyaetal.,2010],
whereeachlimbhastworotationalDOF. Eachlimbhasonehip-joint,thatoscilateinthe
pitch-axis,andoneknee-joint,thatoscilateintherol-axis.Here,eachlimbneedstocoordinate
withotherlimbsintheconﬁguration—Inter-limbcoordination—aswelasjointswithinalimb
(hipjointandkneejoint)needstocoordinatewitheachother—Intra-limbcoordination—to
producewalkinggait.Spinemodulesintheseconﬁgurationoscilateintheyaw-axis,enhancing
theproducedgait.In[Stoyetal.,2002],anhexapodconﬁgurationiscreatedbyappendingthe
quadrupedconﬁgurationwithanextraspinemoduleandtwolimbmodules(Figure2.20).Similar
tothe2Dwalker,walkinggaitisachievedintheseconﬁgurationswhendiagonalsetoflimbs
oscilateinphase,whilemaintainingaphase-diferencebetweenthetwosetsoflimbs.
(a)Quadruped (b)Hexapod
Figure2.20:CONROmodulesconﬁguredasquadrupedandhexapodwalker.Source:[Stoyetal.,2002]
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AnH-Walkerisa3DquadrupedwithmultipleDOFlimbspresentedin[Shenetal.,2006]
and[Kurokawaetal.,2003].Herethespinemoduleisstatic,usedonlyforconnectingthelimb
modulestogether(Figure2.21).
Figure2.21:M-TranmodulesinH-Walkerconﬁguration.Source:[Kurokawaetal.,2003]
2.1.5.ii Roling/Wheel-basedlocomotion
Roling-track
Roling-trackgaitcanbeachievedinaloopconﬁguration,whichisformedbyconnectingthe
twoendmodulesofalinearconﬁgurationtoeachother,closingtheloop.Anexampleofa
loopconﬁgurationisasseeninFigure2.22.Experimentsonthisgaithasbeendonein[Støy
etal.,2003],[Shenetal.,2006],[Chiuetal.,2007],withloopconﬁgurationsofvaryingsizes.
Loopconﬁgurations,dependingonthenumberofmodules,cantaketheshaperangingfrom
anhexagontoacircle.Locomotioninthisconﬁgurationisachievedbycontinuouslychanging
theshapeoftheconﬁguration,bysqueezingandrealizingtheshapeoftheloop.In[Chiuetal.,
2007]steepslope-climbingwithaloopconﬁgurationhasbeendemonstrated,wheretheloopis
colapsedtomaintainalowcenterofgravity.
Helicoidal
In[Bruneteetal.,2012b]authorshavedescribedexperimentingwithhelicoidalgaitonthe
heterogeneouschainedrobotMictoTub.Thegaitisachievedinlinearconﬁgurationwitha
specialmodulecomposedoftwoparts:abodyandarotatinghead(2.23a).Whentheheadis
continuouslyrotated,itpushedthebodyoftherobotforwardinahelicoidalmotion.Thisgaithas
beentestedinsideverticalandhorizontalnarowpipes,andinopenair.Thisgaitisveryfast,but
onlylocomotionin1Dispossible.
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Figure2.22:CONROmodulesinclosed-loopconﬁguration.Source:http://www.isi.edu/robots/
conro/proto.html
(a)Helicoidalmodule
(b)Helicoidalgaitinahorizontalpipe (c)Helicoidalgaitinaverticalpipe
Figure2.23:Helicoidalmoduleandgait.Source:[Bruneteetal.,2012b]
Diferentialdrive
Diferentialdriveisatwo-wheeleddrivesystem,whereeachwheelisactuatedindependently.
Directionandrotationoflocomotioncomesaboutasaresultofthespeedanddirectionofrotation
ofthetwoindependentlycontroledwheels.In[Kernbachetal.,2011c],trackbased,screwdrive
basedandomnidirection-wheelbaseddiferentialdrivelocomotionhasbeenimplementedin
Scout,BackboneandActiveWheelMRsrespectively(Figure2.24),whichgivesindependent
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locomotioncapabilityforindividualmodules,aswelasmacro-locomotionaspartofalarger
roboticorganism.
AScoutmodulehastwoindependentlydriventracksoneithersides(leftandright)ofits
quasi-cubicshapedchassis,whichgivesittheabilitytomoveforward,backward,turnright,
turnleftandtorotateonitsownaxis.Thetracksarediferentialydriven,andprovidesScout
moduletheabilitytomovearoundindependentlyonroughterain,climboversmalobstacles,
passoversmalholesandscaleslopesofupto incline.Inamulti-robotconﬁgurationmode,
severalScoutrobotsconnectedinalinearconﬁguration,cancoordinatetogethertoproduce
linear-track-gait;resemblingamultiplebogietrain.
Twocylindricalscrewdrivesplacedinthefront-botomandrear-botomsideofthequasi-
cubicchassisareusedforindependentlocomotionintheBackboneMR.Twomotorscontrolthe
screwdrivesindependently,andthroughdiferentialdrive,locomotioninforward,reverse,left
andrightdirections,alongwithturningleftandrightarepossible.Screwdrivesaremainlyused
forindependentlocomotionofaBackbonemoduleinitsenvironment,andforalignmentduring
dockingprocedurebetweentwomodules,butitcanalsobeusedformacro-locomotioninmulti-
robotconﬁgurationmode(e.g.:InaBackbonemodulesbasedlinearCaterpilarconﬁguration,
lateralmovementforavoidinganobstaclecanbeachievedthroughcoordinatedactuationof
screwdrivesofalthemodulesintheconﬁguration).
Omnidirection-wheelshavesmaldisksaroundthecircumferenceofthewheel,whichcan
passivelyrolinthedirectionperpendiculartotherotationaldirectionofthewheel.AnActive
Wheel modulehastwopairsofomnidirection-wheels,placedperpendiculartoeachother,and
fourmotorsindependentlycontrolingthefourwheel.ThisgivesanActiveWheelmodulethe
abilitytoindependentlymoveforward,reverse,right,left,turnrightandleft,rotateonitsown
axis,moveonanarc,andalsomoveincomplextrajectoriesona2Dplanethroughaccurately
controlingthefourindependentmotors.Throughcoordinatedactuationofomnidirection-wheels
onmultipleActiveWheelmodulesinamulti-robotconﬁguration,therobotorganismcanmoveon
2DsurfacefortransportingconnectedScoutandBackbonemodulesfromoneplacetoanother.
(a)Scout (b)Backbone (c)ActiveWheel
Figure2.24:Scout,BackboneandActiveWheelmoduleswithtracks,screwdriverandomnidirection-
wheelsrespectively.Source:[Kernbachetal.,2011b]
In[Daveyetal.,2012]authorshaveimplementedawheelbaseddiferentialdrivesystem
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in Self-assembling MOdular Robot for Extreme Shape-shifting (SMORES) MR for modules to
move independently on relatively flat surfaces. The wheels, which also holds docking ports on its
surface, are on the right and left sides of the cubic shape chassis of the module. Each module
can move forward, reverse, turn left and right, and rotate on its own axis. This locomotion is
necessary for modules to aggregate and align for self-assembly.
2.1.5.iv Self-reconfiguration based locomotion
In lattice-type MRs, locomotion is achieved through continuous self-reconfiguration. In a lattice
structure, when modules at one end of the grid, by continuously connecting to and disconnecting
with other modules on the outer edge of the structure, move to the other end of the grid, this
results in the displacement of the entire structure. This kind of locomotion gives the notion of
modules flowing on the ground, which is visually similar to locomotion of an amoeba, or to that
of a puddle of water flowing on a flat surface.
In [Meng and Jin, 2011] lattice-type MR Cross-cube modules are continuously reconfigured
to produce flowing locomotion. An advantage of this locomotion is that a configuration can
morph its shape to avoid obstacles, or to move through narrow passage. In [Bonardi et al., 2012],
Roombots (RB) modules move on a 2D grid, from an initial position to the goal position on the
grid, through self-reconfiguration. Modules connect to the 2D grid surface, where each grid cell
has a connector similar to those on the module. A module connected to a grid cell, through its
DOF motor actuation, can reach its neighboring cell, then connect to that cell and disconnect
from the previous cell. In this way, a module can move from cell to cell on a grid, moving from an
initial to the goal location.
2.1.6 Controller
As per the literature, controllers in modular robotics are generally used for controlling locomotion
and self-reconfiguration. These controllers can be broadly classified into Central Control (CC)
type and Distributed Control (DC) type. In a CC type controller, individual modules in a configu-
ration, receive high-level control signals from either a master module or from an external source.
On the contrary, in a DC type controller, each module computes its own control signal, based
on its sensor readings and inter-module communication. Homogeneity is another aspect of
controllers in Modular Robot (MR), where if all the modules in a configuration has the exact same
controller, then it is called as homogeneous controller, and non-homogeneous or heterogeneous
otherwise. Scalability of a controller determines its ability to continue to function without any
modifications, as the number of modules in the configuration grows.
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2.1.6.i LocomotionControlers
AwidevarietyoflocomotioncontrolersforMRcanbefoundintheliterature.Somecontrolers
arebasedoncontroltheory,whilemanyothersarebiologicalyinﬂuenced. Severalofthe
locomotioncontrolersfromtheearlydaysonMR,tomorerecentcontrolersarereviewedinthe
folowingsubsections.
Gait-tablecontroler
In[Yimetal.,2000]MarkYimandcoleaguesproposeagaitcontroltableforcaterpilarand
roling-tracklocomotioninPolybotMR,whereeachcolumnofthetablerepresentstheaction
ofamoduleintheconﬁguration.Soeachrowwouldthenbeasetofactionsfortheentire
roboticconﬁguration,atacertainpointintime.Eachmodulewouldhavetheentiregaitcontrol
table,makingthecontrolerhomogeneous.Amastermodulewouldthencommunicatewiththe
restofthemodulestosynchronizethetransitionfromonerowtothenext,makingitacentral
controler.Ifthenumberofmodulesintheconﬁgurationchanges,thengaittablehastobe
modiﬁedaccordingly,whichmeansthatthecontrolerisnotscalable.
CelularAutomata
Laletal.in[Laletal.,2006]haveimplementedaCelularAutomatamodelforcontroling
locomotionofaﬁvelimbedstar-shapedMR(Figure2.25),whererulesareevolvedforcontroling
theactuatorofeachmodule,distributedly,basedonthestateofthemodule’sactuator,andthat
ofitsimmediateneighboringmodules’actuators,intheprevioustimestep.
Figure2.25:TheBritleStarMR,withﬁvelimbsandsixmodulesperlimb.Source:[Laletal.,2006]
2.1. Modularrobotics 35
Hormoneinspiredcontroler
Shenetal.haveusedabiologicalyinspiredmethodcaledDigitalHormoneMethod[Shenetal.,
2000],[Shenetal.,2002]foradaptivecommunicationofstateinformationbetweenmodules,
basedonwhichamodulecandecideanactionfromapredeﬁnedgait-table,whichresultsinthe
emergenceoflocomotion.Aparticularlyinterestingaspectofthisworkisthatiftheconﬁguration
oftheroboticorganismchanges,orifoneorsomemodulesfail,withadaptivecommunication,
thegaitisadaptedtosuitthechangeinconﬁguration.DigitalHormoneshavebeensuccessfuly
implementedontwodiferentmodularroboticplatforms,CONRO[Castanoetal.,2000],[Castano
etal.,2002]andSuperbot[Salemietal.,2006].Inthiscontrolmodel,thereisnocentralmaster
module,andsoitisaDC.Also,thecontrolerishomogeneousandscalable.
Sinusoidalcontroler
Gonzalez-Gomezetal. demonstratein[Gonzalez-GomezandBoemo,2005]howsimple
sinusoidaloscilatorscanbeusedonminimalconﬁgurationMRs,withtwoandthreemodules,
forgeneratinglocomotioninone-dimension(1D)andtwo-dimension(2D)respectively,and
in[Zhangetal.,2009]theystudylocomotionoftwodiferentkindsofcaterpilargaits,froma
kinematicperspective,andreplicatethesameonlinearconﬁgurationMRs,againusingsimple
sinusoidaloscilators.Thecontrolerhereisdistributed,butwithoutanycommunicationbetween
modulesforcoordination.Sotimesynchronizationbetweenmodulesisachievedbytheinternal
clockofthemodule’scomputingunit,andsotheuserneedstoensurebootingalthemodulesat
thesametime.Thecontrolerisscalable,butnothomogeneoussincecontrolparametersare
predeterminedbasedonthepositionofthemoduleinagivenconﬁguration.
Role-basedcontroler
In[Støyetal.,2003]Stoyetal.proposearole-basedcontrolerforlocomotioninCONRO
[Castanoetal.,2000][Castanoetal.,2002]MR.Arole-basedcontrolerconsistsofanoscilatory
function,withaperiodT,whichcalculatesthejoint-anglesofthemodule.Everytimeamodule
hascompletedaspeciﬁcfractiondofperiodT,amessageissenttoitschildrenmodules.When
amodulereceivesamessagefromitsparentmodule,itresetsitsTto0,makingitsaction
sequencedelaybydcomparedtoitsparent.Thisdelayintroducesaphase-shiftof
radianstothemodule’sjointangle(s)sequence,andthustheneededcoordinationbetween
modulestoproducetheintendedgait.Thismechanismworksinchain-typeconﬁgurationsfor
producingcaterpilar,sidewinderandroling-trackgaits,wherealthemoduleshavetoperform
thesamesequenceofactions,albeitstartingatdiferentpointsintime.
Forproducingmorecomplexquadrupedandhexapodwalkinggaitsinleggedmodularrobotic
conﬁgurations,moduleshavetoperformdiferentsequenceofactionsbasedontheirlocationin
theconﬁgurations(e.g.:Spine-moduleandleg-moduleinaquadrupedconﬁgurationwouldhave
toperformdiferentsequenceofactions).So,tofacilitatethis,role-basedcontrolerisfurther
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enhancedin[Stoyetal.,2002]byaddingarole-selectionmechanism,asetofdiferentoscilatory
functionsandasetofdiferentdelays .Intheenhancedcontroler,amodulechoosesits
rolebasedontheroleofitsparentcontroler,theconnectoroftheparentmoduleitisconnected
to,asetofitsconnectorsconnectingittochildrenmodules,andtheroleofitschildrenmodules.
Theauthorsdemonstratethescalabilityofthecontrolerbyapplyingthesamecontroleron
bothasix-modulequadrupedconﬁguration,aswelasonanine-modulehexapodconﬁguration
—whichisconceivedbyaddinganextraspine-moduleandtwoadditionalleg-modulestothe
quadrupedconﬁguration—andsuccessfulyproducingwalkinggaitsinboththeconﬁgurations.
Thecontrolerisdistributedasthereisn’tasinglecentralmoduleusedforsynchronization,as
welashomogeneoussincealthemoduleshavetheexactsamecontroler.
CentralPaternGenerator
In[Spr¨owitzetal.,2008]Ijspreetetal.attheBioroboticsLaboratory,SwissFederalInstituteof
TechnologyinLausanne(EPFL),haveusedCentralPaternGenerator(CPG)[Ijspeert,2008]for
producinglocomotoryoscilationsontheirmodularroboticplatformYaMoR[Moeckeletal.,2005]
(Figure2.26),amongotherroboticplatforms.In[Pouyaetal.,2010]theyhavetriedsimilarCPGs
forproducingbothoscilationandrotationinDegreeofFreedom(DOF)actuatorsoftheirsecond
generationmodularroboticplatformRoombots(RB)[Sproewitzetal.,2009][Spr¨owitz,2010].
CPGsarespecializedneuronsfoundinthespinalcordofvertebrates,thathavetheabilityto
producerhythmicoutputwithoutrhythmicsensoryorcentralinput.MathematicalmodelofCPGs
usedforcontrolinglocomotioninMRsareusualyoneortwoCPGneuronspermodule,which
arecoupledindiferentways,basedontheconﬁguration,withsimilarneuronsofothermodules
inagivenconﬁguration.CPGswereﬁrstsuccessfulyusedonamodularroboticplatformby
Kamimuraetal.in[Kamimuraetal.,2003],wheretheyuseitforproducingoscilationsfor
adaptivelocomotionontheirM-TRANMR.
(a)Yamormod-
ule
(b)Linearconﬁguration (c)Quadrupedconﬁguration
Figure2.26:YamorMR.Source:http://biorob.epfl.ch/cms/page-36377.html
TheCPGbasedcontrolerisofdistributedcontroltype,asthereisn’tasinglemodule
responsibleforcoordinationamongmodules,butmodulessynchronizetheiractionbasedon
actionsofotherconnectedmodulesinadistributedmanner. AnimportantaspectofCPG
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based controller is how CPG of one module is coupled with CPGs of other modules in a
given configuration. This coupling is based on the morphology of the configuration, so it is
fixed and predetermined. Control parameters of a CPG differs from module to module, based
on the module’s position in the configuration. So this controller can neither be classified as
homogeneous nor as scalable.
Heterogeneous layered controller
Brunete et al. in [Brunete et al., 2012a] have developed a multi-layered control architecture for
the heterogeneous multi-configurable MR Microtub. The control architecture consists of three
layers: high-level central controller (CC), low-level behavior-based embedded controller and
a middle-level heterogeneous interpreter connecting the high-level and low-level controllers.
The CC is behavior-based as well, and controls the modular robotic configuration as a single
entity, collecting sensory information from modules, processing it and sending situation and
action commands to the modules. It also acts as a planner and helps modules synchronize their
actions. The CC can either be off-board on an external PC, as it was in [Brunete et al., 2012a],
or on-board as a part of one of the modules.
The low-level controller is a set of individual behaviors, which allows the module to react
in real-time, independent of the CC. Examples of low-level behavior control include sensing
and acting on external and internal stimuli, such as detecting an obstacle and adapting the
shape accordingly to avoid the obstacle, and turning off an actuator on sensing overheating,
respectively. Other behaviors include controlling the module’s actuator for producing locomotion,
communicating with connected modules, etc.
The heterogeneous middle-level layer acts as an interpreter between the CC and the low-level
controller. Control commands sent by the CC are identical to all the modules, which themselves
are heterogeneous. So when a high-level command is received by a module, it is processed
by its middle-level interpreter, and translated to module specific instructions. Similarly, when
a module needs to send a message to the CC or other modules, this too is handled by the
middle-level interpreter.
The layered controller is semi-distributed, as some low-level actions can be taken by the
module in real-time, independent of the CC, but high-level control commands and synchronization
are still controlled by the CC. It is heterogeneous because middle-level and low-level controllers
are module specific, but scalable because of the semi-distributed and layered architecture of the
controller.
Artificial Neural Network based controller
Lal et al. in [Lal et al., 2008] have implemented an Artificial Neural Network (ANN) model
as a locomotion controller for their six legged brittle star MR, where each module is modeled
as a neuron in a fully connected ANN. Neurons sum their weighted input stimulus, which is
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the actuator’s phase angle that they share locally or globally based on their location in the
configuration, and use a sinusoidal activation function to determine the next step. The authors
have used Genetic Algorithm (GA) for evolving optimal synaptic weight vector of the ANN.
This controller is distributed and homogeneous, as all the modules decide their own action,
and each module start with the same initial parameters. The parameters of the ANN (synaptic
weights) are learned for the specific morphology of the robot, through evolution. By extending the
size of the robot, either by increasing the number of legs or by increasing the number of modules
in each leg, through a similar evolutionary process, new gaits for the modified configuration can
be learned, making the controller scalable as well.
2.1.6.ii Self-reconfiguration Controllers
Self-reconfiguration is an important aspect of a Self-Reconfigurable Modular Robot (SRMR),
which gives it the ability to change its morphology to suit its environment and/or current task.
In lattice-type and hybrid-type SRMR, locomotion is achieved through the process of self-
reconfiguration.
Morphogenesis inspired controller
In [Meng and Jin, 2011] Meng et al. have proposed a hybrid-hierarchical-layered controller for
self-reconfiguration, inspired by biological multi-cellular morphogenesis. Morphogenesis is a
biological process through which the shape of an organism is determined. During the stage
of embryonic development of an organism, genes contained in individual cells are expressed,
resulting in various cellular functions. This expression of genes is regulated by proteins produced
by the same gene or by other genes in the cell, or by other genes in neighboring cells, through
intra-cellular or inter-cellular diffusion, forming a complex web of Gene Regulatory Network
(GRN). In this work, the authors consider a module equivalent to a biological cell, connected to
other modules to form a multi-cellular organism.
The controller consists of three layers: pattern generation layer, pattern formation layer
and low-level hardware dependent layer. The first layer responsible for generating the pattern
(modular robotic configuration) is a rule-based controller, where a pattern is represented as a
three-dimensional (3D) grid occupancy graph, and encoded as a lookup-table. Based on the
environmental constraints and task at hand, by following a set of rules, modules can modify this
table to bring about a change in the pattern. For example, when an individual module senses an
obstacle in the environment through its local sensor, it can diffuse this information in the network
through communication, to bring about a global change in the pattern.
Once a target pattern is set or adapted in the lookup-table, modules can then act inde-
pendently to converge to the global pattern. By setting any of the modules as the origin in
the occupancy graph, modules can then localize themselves in the configuration through local
communication. Based on the relative position and the desired target pattern, modules can then
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produceanddifusediferentkindsofproteinsthroughlocalcommunication.Thisisthepatern
formation,secondlayerofthehierarchicalcontroler.Amodulecanproduceanddifusepositive
proteinstoatractmodulestooccupyoneofitsemptyneighboringspaceinthegrid,ornegative
proteinstoemptyoneofitsneighboringspace.Thethirdlayerishardwarespeciﬁc,andcontrols
themodule’sactuatorandconnectorsforself-reconﬁguration.
TheproposedcontrolerhassuccessfulybeentestedonCross-cube[Mengetal.,2010]
MRs,inaphysicsbasedsimulator. Thecontrolerisdistributed,asmodulesdecidetheir
actionindependentlybasedontheirsensoryinformation,andthroughlocalcommunicationwith
neighboringmodules.Itishomogeneous,asalthemoduleshavetheexactsamecontroler.
Inthearticle,theauthorshavealsoexperimentalyproventhescalabilityofthecontrolerby
successfulytestingitonvarying-sizeconﬁgurations.
Motorprimitivesbasedcontroler
Bonardietal.in[Bonardietal.,2012]haveproposedalocomotioncontrolerfortheRB[Sproewitz
etal.,2009][Spr¨owitz,2010]MR,achievedthroughself-reconﬁguration.Locomotioninthis
contextreferstotheprocessofaRBmodulemovingfromaninitialpositiontoagoalpositionona
two-dimensional(2D)grid.EachgridpositioncontainsanActiveConnectionMechanisms(ACM)
connector,similartotheonesontheRBmodules(Figure2.27).
EachmodulehasthreecontinuesrotationalDOF,throughwhichamodulecantranslate
byadistanceofoneunitonthegrid.Eachsuchaction,leadingamoduletotranslatebyone
gridunit,istermedasanAtomicMotorPrimitive(AMP).Duetothekinematicconstraintsof
themodule,amodulecantranslatetoonlytwooutofeightpossibleneighboringpositionson
thegrid.So,tomovetoanyoftheeightpossibleneighboringgridpositions,amoduleneedsto
performasetofAMPs,andaconcatenationofoneormoresuchAMPsistermedComposed
MotorPrimitive(CMP).
D*algorithmisusedasahigh-levelplannerforplanningapathforthemoduletotravel
betweentheinitialandthegoalpositiononthegrid.Alow-levelplannerisproposedwhich,based
onthepathfoundbytheD*algorithm,decomposesthepathintoasetofCMPstotraverse
thepath.Boththehighandthelow-levelcontrolerstakestaticobstacles(e.g.:Othermodules)
intoconsiderationwhileplanning.Theproposedplanner,duetothekinematicconstrainsofthe
module,doesnothaveasolutionforeverypossiblegrid-worldconﬁgurationcontainingobstacles.
IftheplannerﬁndsasetofCMPs,itisnotnecessarilyoptimaleither.
Theauthorshavesuccessfulytestedthecontroler,bothinsimulationandontherealrobot.
Insimulation,ﬁxedsizegrid-worldwithﬁxedandrandomsizeandnumberofobstacles,along
withrandominitialandgoalpositionsweregenerated.Outof300totalexperiments,theauthors
reporta successrateintheplannerﬁndingapathfromtheinitialtothegoalposition.Al
theexperimentsinthearticlehavebeenperformedwithasingleRBmodule,soitcannotbe
determinedifthecontrolerisdistributedorcentral,homogeneousorheterogeneous,andifitis
scalable.
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Figure2.27:AsingleRBmoduleina2Dgridworld,whereeachgridcontainsanACMconnector.
Source:[Bonardietal.,2012]
2.2 Humanoidslocomotion
Humanoidlocomotionisanongoingtopicunderrobotlocomotion,andawiderangeofap-
proachestowardsbipedallocomotioncanbefoundintheliterature.Someapproachessuch
as[Kajitaetal.,2003],[Wieber,2006],[Gonz´alez-Fieroetal.,2014]and[Monjeetal.,2013]
makeuseofreducedmodelsforobtainingthedynamics,whileseveralotherapproachedsuch
as[Nagasakaetal.,1999],[YamaneandNakamura,2003]and[Khatibetal.,2004]makeuseof
adistributedmassformulation. WhilemanyoftheseapproachesarebasedonZeroMoment
Point(ZMP)controlers,aninterestingalternativeisbasedonbipedallocomotionthroughCPGs.
CPGs,asreviewedinsection2.1.6.i,page36,arespecializedneuronsfoundinthespinal
cordofvertebrates,thathavethecapabilityofproducingrhythmicoutputwithoutrhythmic
sensoryorcentralinput.Ithasbeenhypothesizedthatduringanimallocomotion,thereisafeed-
forwardmechanismthatactivatesmusclesusingsignalsgeneratedbytheCPGs.Locomotionin
humanoidrobotsbasedonCPGshavebeensuccessfulyimplementedin[ShanandNagashima,
2002]and[Endoetal.,2008].In[Or,2010],aCPGcontroleriscombinedwithaZMPcontroler,
toobtainastablebipedalgait.Authorsof[Shanetal.,2000]proposedaCPGcontroler,where
weightsoftheCPGareoptimizedoptimizedthroughGA.Hereﬁtnessfunctionisformulatedasa
combinationofZMP,altitudeoftherobotandwalkingspeed,withtheZMPcomponentimplicitly
ensuresstability.Authorsof[Nakanishietal.,2004]presentanotherCPGbasedapproach,
wherestablebipedalgaittrajectoriesaregeneratedbasedonhumandemonstrations.
Anotherparalelandinterestingapproachtowardsbipedallocomotioninhumanoidrobots
involvesobtainprerecordeddatafromhumanbipedalwalkingandthentransferthelocomotion
behaviorontoarobot.In[Mombauretal.,2010]Mombauret.el,haveusedinverseoptimal
controlonmotioncapturedataofhumanbipedalwalking,andhavesuccessfulyimplementedit
ontheHumanoidRoboticsPlatform(HRP)-2platform[Kanekoetal.,2002].In[Morimotoand
Atkeson,2007],theauthorshaveimplementedaReinforcementLearning(RL)algorithmfor
bipedalwalking,inwhichtherobotlearnshowtoappropriatelymodulateobservedgaitpatern
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for producing a stable gait. In [Miura et al., 2009], bipedal walking and turning locomotion are
implemented on the HRP-4C humanoid robot. It is achieved by adapting gait parameters such
as step length, gait speed, rotational angle during turn, etc., of the human motion capture data.
2.3 Morphological Computation
The term Morphological Computation was coined by Chandana Paul [Paul, 2006], and it refers
to outsourcing of computation to morphology and material property of an agent. Traditionally,
intelligence and cognition have been associated solely with the brain of an agent, without taking
into consideration its body and morphology. But some articles like [McGeer, 1990], [Iida and
Pfeifer, 2004] have shown that intelligence can arise as a result of interaction between the brain,
body and the environment the agent is embedded in.
2.3.1 Passive dynamic walking
One on the earliest and a classical example of Morphological Computation was demonstrated
by Tad McGeer [McGeer, 1990] with the passive dynamic walker, which is a mechanical system
that can walk down an inclined ramp with a slope of a certain degree, without any actuator,
power-supply, sensing or computation. In a sense, this agent is completely brain less, and the
behavior of walking is produces solely based on its morphological properties, which is specifically
tailored to produce the walking behavior. Energy requirement for walking in this design is minimal,
as walking is produced solely by gravitation, and the walking gait produced seems very human
like.
The drawback of the passive dynamic walker is that the conditions in which it operates, also
called as its ecological niche, is very narrow. It means that the passive dynamic walker would
cease to operate if anything in its environment or its morphology, like the slope on the ramp or the
material property of its feet, respectively, is changed. Denise, an augmented passive dynamic
walker with actuators, power supply and controller, was created by Martijn Wisse [Wisse, 2004]
at Techinical University of Delft. Morphology of Denise was adapted to walk on level surface,
and the emerged walking gait was very human like and in-turn very energy efficient.
2.3.2 Puppy
Puppy [Iida and Pfeifer, 2004], a quadruped robot, built at the Artificial Intelligence lab, University
of Zurich, mimics the morphology of a canine. Puppy has four limbs, and twelve joint (four each
at the shoulder/hip, elbow/knees and ankle) in total. There are eight standard digital servomotors
at the shoulder/hip and elbow/knee joints, and the ankle joints are connected via passive springs.
A simple sinusoidal position controller was applied to each of the four shoulder/hip joints, wherein
the motor commands for the two shoulder joints are symmetrical, and the motor commands for
42 Chapter2.State-of-the-art
(a)Theclassicpassive
dynamicwalker
(b)Denise
Figure2.28: Passivedynamicwalkers. Source: http://ruina.tam.cornell.edu/research/
topics/robots/index.php
thetwohipjointsaresymmetricalaswel.Theelbow/kneejointsareﬁxedtoaconstantposition,
andtheanklejointsarepassive.Whenevaluatedbyplacingtherobotontheground,therobot
displaysarunninggait,whichisaresultofthemorphologyoftherobot(itsshapeandthe
passivespringjoints),controler(parametersofthesinusoidalcontroler)andtheenvironment
(frictionofthegroundsurfaceandgravity)therobotinteractswith.
Figure2.29:ThequadrupedrobotPuppy.Source:[IidaandPfeifer,2004]
2.3.3 WalkNet
Studiesofinsectlocomotion[Cruse,1990][Cruseetal.,2002]hasshownthatthecoordination
betweenlegsofaninsectduringwalking,comesaboutasaresultofcoupledlocalneural
circuits,andthatthereisnocentralcontrolerthatcoordinatesthelegsduringwalking.Whenan
insect,standingontheground,triestomoveforwardbypushingoneofitslegsbackward,asa
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consequence of its embodiment, there is force applied on the rest of the stationary legs, and
this information, in the form of joint angle measurement, can be used by the insect as a form
of global communication between legs for producing locomotion, even without there existing a
central controller that coordinates leg movements. Inspired by this, a distributed neural network
architecture for controlling a six legged robot was developed [Du¨rr et al., 2003]. This is a very
strong example of Morphological Computation, as the communication, and in turn the needed
coordination between legs for locomotion, comes about as a result of the interaction between
the insect and its environment.
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CHAPTER 3
Locomotion Controllers for Modular Robots
Introduction
One of the goals of the work presented in this thesis is to develop locomotion controller for
Modular Robot (MR) through morphology, evolution and learning. In this chapter, locomotion
in MR through morphology is presented. First, five different modular robotic configurations
used for testing locomotion controller in the rest of the thesis are presented. Kinematics and
gaits achievable in each of the five configurations are explained. Two classes of controllers are
presented in this chapter: periodic function based controllers and morphology based controllers.
Two kinds of periodic function based locomotion controllers are presented: Sinusoidal
controller and Fourier controller. Sinusoidal oscillators as locomotion controllers for MRs have
been previously implemented in [Gonzalez-Gomez and Boemo, 2005] and [Zhang et al., 2009].
To set as a benchmark for comparing with other controllers developed in this thesis, sinusoidal
controllers are implemented and evaluated on all of the five modular robotic configurations. The
second controller under this category is the Fourier controller, which is developed as part of this
thesis, and is based on Fourier series.
Morphology refers to the form and structure of a biological organism, and in the context of
MRs, it refers to the topology of the modular robotic configuration. Under morphology based
locomotion controllers category, two kinds of controllers are developed: an Artificial Neural
Network (ANN) based controller and an inverse sine function based controller. Although the
parameters of all four controllers presented in this chapter are optimized through Genetic
Algorithm (GA), locomotion through evolution is presented in a later chapter (chapter 5, page
45
46 Chapter3.LocomotionControlersforModularRobots
105).
3.1 Robotconﬁgurations
Y1MRistheplatformusedinthisthesisforaltheexperimentsconcerningMRlocomotion.Two
Y1modulescanbeconnectedtogetherinseveraldiferentways,andeachmodulecanbecon-
nectedtoatmostfourothermodules.ConnectionmechanismsupportedbyY1modulesisvery
basic,andonlystaticconnectionsbetweenmodulesarepossible,makingself-reconﬁguration
amongmodulesnotpossible.Modulescanbeconnectedtoeachothereitherusingnutsand
bolts,orusingzap-straps.
Duringthecourseofthisthesis,simulatedversionsofﬁvediferentmodularroboticcon-
ﬁgurationshavebeenexperimentedwith.Gaitsachievablebyeachroboticconﬁgurationhas
beenstudiedbyapplyingsimplephase-diferedsinusoidaloscilatorstomodulesinagiven
conﬁguration.Inthefolowingsubsections,eachconﬁgurationhasbeendescribedindetail.
3.1.1 Minibot
Thisisatwo-module,one-dimensional(1D)conﬁguration(Figure3.1),whereinmodulesare
connectedtoeachotherinseries,andaccordingto[Gonzalez-GomezandBoemo,2005]thisis
thesmalestpossibleconﬁgurationthatcanproducelocomotion.Onlylocomotionin1Dcanbe
achievedinthisconﬁguration,whereintherobotcaneithermoveinforwardorbackward/reverse
directions.Applyingsimplesinusoidaloscilatorstomodules,withpredeﬁnedphase-diference
( ),producesacaterpilargaitthatresemblesatravelingsine-wave.Thephase-diference
determinesthedirectionoflocomotion,withtherobotmovinginthedirectionofthemodule
thathasanegativephase-diferencewithrespecttotheothermodule.Locomotioncannotbe
achievedinthisconﬁgurationifthephase-diferencebetweenmodulesiseitheraround or
around .
Figure3.1:TwomoduleMinibotconﬁguration.
3.1.2 Tripod
Thisisathree-modulesymmetricconﬁguration,whereinmodulesareconnecttoeachotheratan
angleof ,asshowninFigure3.2.Itisatwo-dimensional(2D)conﬁgurationanditcanmove
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ona2Dsurfaceinthreepossibledirections,aswelasrotateonitsownaxis.Whenmodulesare
appliedwithsinusoidaloscilators,withtwomodulesoscilatinginphaseandthethirdmodule
oscilatingwithaphase-diferenceof ,therobotmovesinthedirectionofthe
moduleoscilatingoutofphase,andintheoppositedirectionif .Whenno
twomodulesoscilateinphase,whilephase-diferencebetweenpairsofadjacentmodulesis
(E.g. , , ),therobotrotatesonitsownaxisinclockwise
direction.
Figure3.2:Three-moduleTripodconﬁguration.
3.1.3 Quadropod
TheQuadropodconﬁgurationisanextensionoftheTripodconﬁguration,whichhasanadditional
module,andtheanglebetweenmodulesis (Figure3.3).Itisasymmetrictwo-dimensional
(2D)conﬁguration,whichcanmoveineightpossibledirectionsona2Dsurface,dependingonthe
phase-diferencebetweenoscilatingmodules.Iftwooppositemodulesoscilateinphase,while
theothertwomodulesoscilatewithaphase-diferenceof ,thentherobot
movesinthedirectionperpendiculartothemodulesoscilatinginphase.Iftwopairsofadjacent
modulesoscilateinphase,withaphase-diferencebetweenthesepairs(E.g.
and ),thentherobotmovesinthedirectiondiagonaltoitself.Whennotwo
modulesoscilateinphase,whilephase-diferencebetweenpairsofadjacentmodulesis
(E.g. , , , ),therobotrotatesonitsownaxisin
clockwisedirection.
Figure3.3:Four-moduleQuadropodconﬁguration.
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3.1.4 Y-bot
TheY-botconﬁguration,asshowninFigure3.4,isanextensionoftheTripodconﬁguration,which
isconceivedbyaddinganadditionalY1module(Tail)tooneofthethreemodulesoftheTripod
conﬁguration,whichthenbecomestheSpinemodule.Locomotionintwo-dimension(2D)is
possiblewiththisconﬁguration,althoughonlylocomotioninone-dimension(1D)isbeingfocused
oninthiswork.Whenmodulesareappliedwithphase-diferedsinusoidaloscilatorssuchthat
thereisincreasingphase-diferencebetweenmodules,startingfromthatHeadmodulestothe
Tailmodule,whilethetwoHeadmodulesoscilateinphase(E.g. ,
, ),therobotmovesinthedirectionoftheTailmodule.Therobot
movesintheoppositedirection,ifthiscaseisreversed(i.e. ,
, ).
Figure3.4:Y-botconﬁguration.
3.1.5 Lizard
Figure3.5:LizardconﬁgurationwithfourLimbmodulesandtwoSpinemodules.
Lizard,asshowninFigure3.5,isasixmoduleconﬁgurationthathasfourLimbmodules
andtwoSpinemodules.ThisconﬁgurationisformedbyconnectingtwoTripodconﬁgurations
together,andthenrotatingtheSpinemodulesby and respectively,alongtherol-axis
oftheconﬁguration.Thismakesthetwohalvesoftherobot —consideringmodules ,
,and ,asonehalf,andmodules , and astheotherhalf—
mirorimagesofeachother.Whenmodulesinthisconﬁgurationareactuatedwithphase-difered
sinusoidaloscilators,aspresentedinTable3.1(whicharederivedempiricaly),itresultsina
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quadrupedwalkinggait,resemblingthatofalizard.Thetwospinemoduleswigglesidetoside
withaphase-diferencebetweenthem1,whilethelimbmodulesmoveupanddown,resultingin
awalkinggait.
Module PhaseAngle
Table3.1:Phase-relationbetweenmodulepairsinaLizardconﬁgurationwithrespecttothemodule
Limb-1.
3.2 Periodicfunctionlocomotioncontrolers
Locomotioningeneral,whethergalopofahorse,ﬂappingwingsofabird,orbipedalwalkingofa
human,canbeseenasrepetitiveandcoordinatedmovementoflimbs,throughwhichthedesired
gaitemerges.Lookingatlocomotionasacolectionofoscilators,phase-relationbetweenthese
oscilatorsdeterminesthegeneratedgait.So,inthissection,twodiferentperiodicfunctions—
SinusoidalfunctionandFourierseries—areimplementedaslocomotioncontrolersforModular
Robot(MR)s.
3.2.1 Sinusoidalcontroler
Inthisthesis,aclassoflocomotioncontrolerforModularRobot(MR)shavebeendeveloped.To
analyzelocomotionofeachoftheﬁvemodularroboticconﬁgurations,andtosetabenchmark
forcomparingotherlocomotioncontrolers,thatarepresentintherestofthethesis,weﬁrst
implementedasinusoidalcontroler.SinusoidalcontrolerforMRlocomotionhasbeenpreviously
investigatedin[Gonzalez-Gomez,2008],butwithafocusonlinearmodularroboticconﬁgurations,
andbyhand-tuningoscilationparameters.Inthiswork,weappliedasinusoidaloscilatorper
moduleEquation3.1,andoscilationparametersareoptimizedthroughEvolutionaryAlgorithm
(EA).
(3.1)
1Althoughthecontrolsignaltothetwospinemodulesareidentical,theyoscilatewithaphase-diferenceof
betweenthem,sincethetwomodulesareconnectedasmirorimagesofeachother.
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where isthetotalnumberofmodulesintheconﬁguration, istheamplitude, is
thefrequency, isthephaseand istheofsetoftheoscilatorforthe moduleinthe
conﬁguration.
EachmoduleiscontroledindependentlybyEquation3.1,withamplitudeandofsetofits
oscilationdeterminedbyparameters and respectively.Oscilationfrequencyiscommon
amongal modulesinagivenconﬁguration.Phase-shiftofamodule’soscilationisdetermined
bytheparameter ,andrelativediferenceinphase-shiftvalueamongmodulesdeterminesthe
emergedgaitintheroboticconﬁguration.Totestthiscontrolmodel,eachoftheﬁveconﬁgurations
aresetupinthesimulationenvironmentindividualy,startingwithasetofrandomcontrol
parameters,andoptimalcontrolparametersareevolvedthroughEA.Foreachconﬁguration,a
randomsetofﬁftycandidatesolutionsareinitialized,whereeachcandidatesolutionisavector
ofaltheoscilationparametersforalthemodulesinthegivenconﬁguration.So,forthecase
ofMinibotconﬁgurationwithtwomodules,eachcandidatesolutionconsistedoftwoamplitude
parameters ,twoofsetparameters , ,twophase-shiftparameters
, ,andonefrequencyparameter.Therangeforeachparametertobeoptimizedis
settovaluesasshowninTable3.2.Eachcandidatesolutionisevaluatedforaperiodof ,
withtheobjectivefunctionforparameteroptimizationbeingtheabsolutedistancebetweenthe
startandtheﬁnishpositionoftherobot,attheendoftheevaluation.
Parameter Min. Max.
Table3.2:Rangeofsinusoidalcontrolerparametersforoptimization.
ForparameteroptimizationthroughEA,acombinationofGeneticAlgorithm(GA)and
EvolutionaryStrategy(ES)hasbeenimplemented,whichisfurtherexplainedinsubsection5.3.1,
page125.
3.2.1.i Evaluation
Postevolution,bestperformingindividualsoftheﬁnalgenerationforeachoftheﬁveconﬁgura-
tionsareevaluatedforaperiodof seconds().Evaluationresultsareaspresentedinthe
folowingsubsections.
Minibot
IntheMinibotconﬁguration,thebestevolvedcontroler,parametersofwhichareaspresentedin
Table3.3,producedacaterpilargait.TheHeadmodule,withanamplitudeof
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andasigniﬁcantlylargernegativeofsetof ,oscilatesbetween
,whiletheTailmodule,withanamplitudeof andapositive
ofsetof ,oscilatesbetween .TheHeadandtheTail
modulesoscilatedwithaphase-diferenceof betweenthem.TheHeadmodulepuls
forward,whiletheTailmodulepushesoftheground-surface,propelingtherobotforwardand
movinginthedirectionoftheHeadmodule,atanaveragespeedof .Onegait-cycleof
thislocomotionisasshowninFigure3.6.
Parameter ModuleHead Tail
Table3.3:SinusoidalcontrolerparametersofthebestperformingindividualforMinibotconﬁguration,
optimizedthroughEA.
(a) (b) (c) (d)
(e) (f) (g) (h)
(i) (j)
Figure3.6:Screecaptureofonegait-cycleoftheMinibotconﬁguration,evaluatedwiththebestevolved
Sinusoidalcontroler.
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Tripod
InTripodconﬁguration,withthebestevolvedcontroler(Table3.4),modules and oscilate
inphase23,whilethereexistsaphase-diferenceof betweenmodules and
theothertwomodules( and ). Module ,withanamplitudeof and
anegativeofsetof ,oscilatesbetween . Modules
and ,withamplitudeof and respectively,andofset
and respectively,oscilatebetween and
respectively.Modules and pushforwardsimultaneously,while
module pulsforward,makingtheTripodconﬁgurationmoveinthedirectionofmodule at
anaveragespeedof .Onegait-cycleofthislocomotionisasseeninFigure3.7.
Parameter Module
Table3.4:SinusoidalcontrolerparametersofthebestperformingindividualforTripodconﬁguration,
optimizedthroughEA.
Quadropod
Modules through intheQuadropodconﬁguration,withthebestevolvedcontroler
(Table3.5),oscilateinthefolowingrange,
:
:
:
:
Modules and oscilateinphasefootnote3,whilemodules and oscilatewith
aphase-diferenceof ,andmodules and oscilatewithaphase-diferenceof
betweenthem.Thisphase-relationamongmodulesresultinagaitwheremodules
and push,whilemodules and pulinsouthandwestdirectionsrespectively,propeling
2Modules and oscilatewithphase-shiftof and respectively,sowithaphase-
diferenceof betweenthem.
3Aphase-diferenceof issmalenoughtobeconsideredinsigniﬁcantinthecontextofthis
thesis.
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(a) (b) (c) (d)
(e) (f) (g) (h)
(i) (j)
Figure3.7:Screecaptureofonegait-cycleoftheTripodconﬁguration,evaluatedwiththebestevolved
Sinusoidalcontroler.
therobotinthesouth-westdirection,relativetotherobot’sinitialorientation(Figure3.8).Modules
and coordinatetomovetherobotonestepintheeastdirection,whilemodules and
coordinatetomovethrobotonestepinthesouthdirection.Thereexistsaphase-diference
of betweenthetwopairs,sotherobotmovesonestepeastfolowedbyonestep
south,inazig-zagpatern,atanaveragespeedof .
Figure3.8:InitialorientationoftheQuadpodconﬁguration.
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Parameter Module
Table3.5:SinusoidalcontrolerparametersofthebestperformingindividualforQuadropodconﬁguration,
optimizedthroughEA.
Y-bot
ModulesintheY-botconﬁguration,withthebestevolvedcontroler(Table3.6),oscilateinthe
folowingrange,
:
:
:
:
Modules and oscilatedinphasefootnote3,whilethereexistsaphase-
diferenceof betweenthe modulesandthe module,andaphase-
diferenceof betweenthe moduleandthe module.Thisphase-relation
amongmodulesresultinatravelingsine-wave,startingfromthe modulesandmovingin
thedirectionofthe module,resultinginacaterpilargait,propelingtherobotinthedirection
ofthe module.Onegait-cycleofthislocomotionisasseeninFigure3.9,andtheaverage
speedoflocomotionachievedinthisgaitis .
Parameter Module
Table3.6:SinusoidalcontrolerparametersofthebestperformingindividualforY-botconﬁguration,
optimizedthroughEA.
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(a) (b) (c) (d)
(e) (f) (g) (h)
(i) (j)
Figure3.9:Screecaptureofonegait-cycleoftheY-botconﬁguration,evaluatedwiththebestevolved
Sinusoidalcontroler.
Lizard
WiththeLizardconﬁguration,twoseparategaitsemergedthroughtwoindependentbutidentical
EAepochs4.Theﬁrstgaitresemblesareptilianlikeforward-walkinggait,whilethesecondgait
resemblesacrablikelateral-walkinggait.ModulesintheLizardconﬁguration,whenevaluated
withthebestevolvedforward-walkingSinusoidalcontroler(Table3.7),oscilateinthefolowing
range,
:
:
:
:
:
:
4EAparameterslikepopulationsize,selection/crossovertype/size/rate,mutationrate/range,etc.arealexactly
samebetweenthetwoepochs
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Parameter Module
Table3.7:SinusoidalcontrolerparametersofthebestperformingindividualforLizardconﬁgurationthat
producedforward-walkinggait.
Modules and oscilatewithaphase-diferenceof betweenthem,
while and oscilateinphasefootnote3.Thereexistsaphase-diferenceof
betweenmodules and . Module oscilatesintherangeof
,withoutevermakingcontactwiththegroundsurface,andsodoesnot
directlycontributetothegait.Thegaitemergesasmodule puls,whilemodules
and pushofthegroundsurface.TheSpinemodules,oscilatingintheyaw-axis,amplify
theactionsoftheLimbmodules.Phase-diferencebetweenal modulepairsinthisgaitareas
providedinTable3.8.Theaveragespeedoflocomotionachievedwiththisgaitis .
Module
Table3.8:Phase-diferencebetweenalmodulespairsintheLizardconﬁguration,withthebestperforming
forward-walkingSinusoidalcontroler.
Whenevaluatedwiththebestevolvedlateral-walkingSinusoidalcontroler(Table3.9),
modulesintheLizardconﬁgurationoscilateinthefolowingrange,
:
:
:
:
:
:
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Parameter Module
Table3.9:SinusoidalcontrolerparametersofthebestperformingindividualforLizardconﬁgurationthat
producedlateral-walkinggait.
Inthisgait,modules and oscilatewithaphase-diferenceof ,
whilethetwoSpinemodulesoscilateinphase5. Module oscilateintherangeof
,withoutevermakingcontactwiththegroundsurface,andso
doesnotdirectlycontributetothegait.Thelateral-walkinggaitemergesasmodule puls,
whilemodules and pushofthesurface,aidedbytherowingmotionoftheSpine
modulesintheyaw-axis.Themaindiferencebetweenthisgaitandtheforward-walkinggait
isthephase-relationbetweenthetwoSpinemodules.Intheforward-walkinggait,thereexists
aphase-diferencebetweenthetwoSpinemodules,whileinthelateral-walkinggait,thetwo
Spinemodulesoscilateinphase.Phase-diferencebetweenal modulepairsinthisgaitareas
providedinTable3.10.Averagespeedoflocomotionachievedwiththisgaitis .
Module
Table3.10:Phase-diferencebetweenal modulespairsintheLizardconﬁguration,withthebest
performinglateral-walkingSinusoidalcontroler.
3.2.1.i Discussion
Sinusoidaloscilatorascontroler,producesstableandfastgaitineachoftheﬁvetwo-dimensional
(2D)modularroboticconﬁgurations.Resultingfastestsinusoidalcontrolerforeachconﬁguration
areevaluated10times,witheachevaluationlastingforaperiodof .Meanandstandard
deviation(SD)oftheseevaluationsareaspresentedinTable3.11.Thiscontrolerisdistributed
5Intheorythereexistsaphase-diferenceof betweenmodules and .Butsincethesetwo
modulesareconnectedtoeachotherasamirorimageofeachother,when 1 2 ,thetwoSpine
modulesswingtothesameside,forminganarc(Figure3.10a).Onthecontrary,when 1 2 ,the
twoSpinemodulesswingtooppositeside,formingan’S’shape(Figure3.10b).
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(a)θSpine1= 45◦,θSpine2=−45◦ (b)θSpine1=θSpine2= 45◦
Figure 3.10:Spine modules in the Lizard conﬁguration.
but not homogeneous, as control parameters difer between modules, and is dependent on the
position of the module in the conﬁguration. The controler is scalable, since adding modules
to a conﬁguration would not require a change in controler of the preexisting modules. This
control-model is simple and intuitive, and good for studying diferent possible gaits in a given
conﬁguration by hand-tuning control parameters. Through parameter optimization it is possible
to evaluate the fastest possible gait in a given conﬁguration.
As the number of modules in the conﬁguration grow, the total number of parameters
that needs to be tuned for a robot to function, increases linearly as wel. During parameter-
optimization process, it takes signiﬁcantly longer to ﬁnd any meaningful gait in the six-module
Lizardconﬁguration, compared to the two-moduleMinibotconﬁgurations. In both the gaits that
emerged in theLizardconﬁguration, the robot does not utilize al four limb-modules. Intuitively,
an optimal gait would utilize al available resources, but in the case of the gaits that emerge in
Lizardconﬁguration, it seems that theEAfails to ﬁnd the global-optimal solution, due to the shear
depth of the parameter space (19 dimensions deep) it is searching for a solution in. Another
drawback of this controler is its inability to adapt to change in environment or conﬁguration.
Robot Speed (cm/s)Mean SD
Minibot 3.41 0.11
Tripod 3.10 0.41
Quadropod 4.22 0.08
Y-bot 6.23 0.28
Lizard Forward gait 4.57 0.08Lateral gait 5.28 0.06
Table 3.11:Mean andSDof locomotion speed of the best evolved Sinusoidal controler for al ﬁve
conﬁgurations.
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3.2.2 Fouriercontroler
SinusoidaloscilatorsascontrolerforModularRobot(MR)sworkwelforcreepingandcrawling
gaitsinone-dimensional(1D)andtwo-dimensional(2D)modularroboticconﬁgurations,but
aresimpleintermsofthecontrolsignalgenerated.Forlocomotioninthree-dimensional(3D)
modularroboticconﬁgurationswithmultipleDegreeofFreedom(DOF)perlimb,orforbipedal
gaits,controlsignalneededforgeneratinglocomotionismorecomplexinnature.So,welookat
Fourierseriesasawayofgeneratingcomplexcontrolsignalsforlocomotion.
FourierSeriesisawayofrepresentinganyperiodicfunctionwithafundamentalperiod
(i.e,withafundamentalfrequencyof ),asaninﬁnitesumofsineandcosinefunctions,each
withafrequencythatisanintegermultipleofthefundamentalfrequency .Thegeneralformfor
representinganyfunctionasaFourierSeriesisprovidedinEquation3.2.
(3.2)
where isthefundamentalperiodofthefunctionthatisbeingsynthesized. and are
thecoefﬁcientsoftheFourierseries,whichdeterminetherelativeweightsofthecosineandthe
sinecomponentsrespectively.Theﬁrstterm representstheofset(non-zero-centeramplitude)
oftheperiodicfunction.
Usingjusttheﬁrstthreeterms( , and ),i.e,withtheﬁrstfrequencycomponent,asine
functionwithanyofsetandphase-shiftcanbegenerated.So,tovalidatethiscontrolmodelasa
locomotioncontroler,Minibotconﬁgurationisevaluatedwhereeachmoduleiscontroledbya
FouriercontrolerEquation3.3,andwithparametersasprovidedinTable3.12.
(3.3)
where istheamplitudeofthe module, isthenormalizationterm,whichboundsthe
controlsignaltotherangeof ,beforeamplifyingthesignal. isdeterminedbasedonthe
crestandtroughofthegeneratedFouriersignal,asfolows:
if
otherwise
WiththeabovestatedFouriercontroler,modulesintheMinibotconﬁgurationoscilatewith
aphase-diferenceof betweenthem,andinturnproduceacaterpilargait,ataspeed
of .Similarly,evaluatingtheFouriercontroleronmodulesintheY-botconﬁguration,
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Parameter ModuleHead Tail
Table3.12:HandtunedFouriercontrolerparametersforMinibotconﬁguration.
withparametersprovidedintableTable3.13,resultedinacaterpilarlikegaitwithalocomotion
speedof .Modules and oscilateinphase,whilethereexistsa
phase-diferenceof betweenmodule and ,aswelasaphase-diference
of between and modules.
Parameter Module
Table3.13:HandtunedFouriercontrolerparametersforY-botconﬁguration.
TheFouriercontrolerinEquation3.3isbasedonlyontheﬁrstfrequencycomponent,and
soessentialyaSinusoidalcontroler.AgeneralFouriercontrolerwith frequencycomponents
isasshowninEquation3.4.
(3.4)
where isthefrequencydomainsize.
UnlikeinSinusoidalcontrolerandFouriercontrolerwithonefrequencycomponent,handtun-
ingparameters(Fouriercoefﬁcients)forFouriercontrolersbeyondtheﬁrstfrequencycomponent
isnottrivial.Moreover,foracomplexconﬁgurationlikeQuadropodandLizard,conceptualizinga
setofcomplextrajectories(non-sinusoidal)thatwouldresultinstablegait,isnotstraightforward
either.So,weevolvedgaitsfordiferentmodularroboticconﬁgurations,usingEvolutionary
Algorithm(EA),withtwovariantsofFouriercontroler:ﬁrstfrequencycomponentFouriercon-
troler(fc-Fouriercontroler)—withonefrequencycomponent—andtwofrequencycomponent
Fouriercontroler(tfc-Fouriercontroler) —withﬁrsttwofrequencycomponents.Evaluation
resultsoftheevolvedgaitsareprovidedinthefolowingsection.
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3.2.2.i Evaluation
Minibot
Whenevaluatedwiththebestevolvedfc-Fouriercontroler,parametersofwhichareaspre-
sentedinTable3.14,modulesintheMinibotconﬁgurationoscilatewithaphase-diference
of betweenthem. Referencetrajectoriesforthetwomodules,generatedbythis
controler,areasshowninFigure3.11.HeadandTailmodulesoscilateintherangeof
and respectively.Averagelocomotion
speedinthisgaitis .ComparedtothegaitemergedwiththeSinusoidalcontroler,in
thisgait,modulesoscilateatalmost higherfrequency.WiththeSinusoidalcontroler,Tail
moduleoscilatesbetweenalargerrange,andthephase-diferencebetweenthetwomodulesis
higheraswel.
Parameter ModuleHead Tail
Table3.14:fc-FouriercontrolerparametersofthebestperformingindividualforMinibotconﬁguration,
optimizedthroughEA.
Figure3.11:Referencetrajectoriesgeneratedbythebestevolvedfc-FouriercontrolerforMinibot
conﬁguration.
Similarlytfc-FouriercontrolerparametersareoptimizedfortheMinibotconﬁgurationthrough
EA,andtheparametersofthebestevolvedcontrolisaspresentedinTable3.15.Reference
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trajectoriesforthetwomodulesgeneratedbythiscontrolerisasshowninFigure3.12.In
thisgait,modulesHeadandTailoscilateintherangeof and
respectively.TheemergedgaitseemsvisualysimilartoaCaterpilar
gait,buthereboththemodulesriseanddiptwicepercycleofoscilation,whichhasaperiodof
.Averagelocomotionspeedinthisgaitis ,whichisnotsigniﬁcantlydiferentfrom
gaitswithbestevolvedSinusoidalcontrolerandfc-Fouriercontroler.
Parameter ModuleHead Tail
Table3.15:tfc-FouriercontrolerparametersofthebestperformingindividualforMinibotconﬁguration,
optimizedthroughEA.
Figure3.12:Referencetrajectoriesgeneratedbythebestevolvedtfc-FouriercontrolerforMinibot
modules.
Y-bot
ModulesintheY-botconﬁguration,withthebestevolvedfc-Fouriercontroler(Table3.16),
oscilateinthefolowingrange,
:
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:
:
:
Parameter Module
Table3.16:fc-FouriercontrolerparametersofthebestperformingindividualforY-botconﬁguration,
optimizedthroughEA.
Modules and oscilatedwithaphase-diferenceof ,while
thereexistsaphase-diferenceof betweenmodules andthe ,anda
phase-diferenceof betweenthe moduleandthe module.Butmodule
barelyoscilates,contributingminimalyfortheemergedgait.Averagelocomotion
speedofthisgaitis ,whichissub-optimal.Totalnumberofparametersinthiscontroler,
thatneedstobeoptimizedfortheY-botconﬁgurationis17,incontrastto13parametersinthe
caseoftheSinusoidalcontroler.SincealtheEAparametersbetweenthetwoepochs(onefor
Sinusoidalcontrolerandtheotherforthefc-Fouriercontroler)arevirtualyidentical,duetothe
increasednumberinsearchdimension,EAfailstoﬁndtheoptimal—orclosetooptimal—gait
inthiscase.
So,foroptimizingtfc-FouriercontrolerparametersfortheY-botconﬁguration(25parame-
ters),EAisalteredwherein,insteadofrandomlyinitializingpopulationoftheﬁrstgeneration,
onlythosecandidateswhoseﬁtnessisaboveasetthreshold6areselectedtobepartofthe
ﬁrstgeneration.RestoftheEAparametersarekeptthesame.Whenevaluatedwiththebest
evolvedcontroler(Table3.17),modulesinthisconﬁgurationoscilatedinthefolowingrange,
andreferencetrajectoriesgeneratedbythiscontrolerisasshowninFigure3.13
:
:
:
:
6Theﬁtnessthresholdissettolocomotionspeedof .
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Parameter Module
Table3.17:tfc-FouriercontrolerparametersofthebestperformingindividualforY-botconﬁguration,
optimizedthroughEA.
Figure3.13:Referencetrajectoriesgeneratedbythebestevolvedtfc-FouriercontrolerforY-botmodules.
Inthisgait, moduleshaveasmaleroscilationrangecomparedtothe and
the modules.Modules and oscilatewithasmalphase-diference
betweenthem,whilethereexistsabiggerphase-diferencebetweenthe modulesandthe
module,andbetweenthe moduleandthe module.Althemodulesriseand
diptwicepercycleofoscilation,withactionsofthe andthe modulescontributing
themosttotheemergedgait.Averagespeedoflocomotioninthisgaitisslightlybeterthan
thespeedatainedwiththebestevolvedfc-Fouriercontroler,at ,butthegaitisstil
suboptimalcomparedtotheSinusoidalcontrolergaitforY-botconﬁguration.
Lizard
FortheLizardconﬁguration,parametersofthetfc-FouriercontrolerareoptimizedthroughEA,
whereintheﬁrstgenerationispopulatedwithrandomlyselectedindividualswhoseﬁtnessis
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aboveasetthresholdof .Thisisbecauseofthesheerdepthoftheparameterspace,
whichis37dimensionsdeep. Whenevaluatedwiththebestevolvedtfc-Fouriercontroler
(Table3.18),modulesintheLizardconﬁgurationoscilateinthefolowingrange,andreference
trajectoriesgeneratedbythiscontrolerisasshowninFigure3.14.
:
:
:
:
:
:
Parameter Module
Table3.18:tfc-FouriercontrolerparametersofthebestperformingindividualforLizardconﬁguration,
optimizedthroughEA.
Inthisgait,modules and oscilatewithaphase-diferenceof between
them,andasaresultofthesetwomodules,therobotispropeledintheforwarddirection.
Modules and oscilatewithalargephase-diferenceaswel,complementingthe
forwardpropulsion,whilemodules and oscilatewithaverysmalrange,barely
makingcontactwiththegroundsurface.Averagelocomotionspeedoftheemergedgaitis
,andsoitissuboptimalcomparedtotheSinusoidalcontrolergaitthatemergedinthis
conﬁguration.
3.2.2.i Discussion
FourierseriesbasedlocomotioncontrolerforMR,providesanalternativetoSinusoidalcontroler.
SimilartoSinusoidalcontroler,Fouriercontrolersaredistributed,scalableandheterogeneous.
ItispossibletogeneratecomplextrajectorieswithFouriercontrolersbeyondtheﬁrstfrequency
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(a)Modules , and (b)Modules , and
Figure3.14:Referencetrajectoriesgeneratedbythebestevolvedtfc-FouriercontrolerforLizardmod-
ules.
component.OnemaindisadvantageofFouriercontrolersistheincreasingparameterspace,as
thefrequencydomainsizegrows.Forcreeping/crawlinglocomotionin2Dmodularrobotic
conﬁgurations,FouriercontrolersdonotseemtoprovideanyadvantageoverSinusoidal
controler.
3.3 Morphologydependentlocomotioncontroler
3.3.1Inﬂuenceofmorphology
SinceModularRobot(MR)sarephysicalyconnectedmulti-robotsystems,modulesexertforce
ononeanotherwhenactuated.InasimulatedMinibotconﬁguration,whenonemodule(Head)
isactuatedwithasinusoidaloscilator,withanamplitudeof ,andtheothermodule(Tail)is
actuatedaswel,butmadetoremainataconstantreferencepositionof ,theefectsofthe
oscilatingHeadmoduleisobservableontheﬁxed-positionTailmodule.Ascouldbeseenin
Figure3.15b,theTailmoduleoscilatesaswel,butwithalowamplitudeandanofset,due
totheforceexertedonitbytheoscilatingHeadmodule. Wehavetermedthisphenomenon
Intra-ConﬁgurationForce(ICF),anditcanbequantiﬁedbymeasuringthemeanandstandard
deviation(SD)oftheactuatorvalueoftheafected(Tail)module,whichisasshowninTable3.19.
Similarly,whenrolesoftheHeadandTailmodulesareinterchanged,efectsoftheoscilating
Tailmodulecanbeobservedontheﬁxed-positionHeadmodule,butwithalmosttwicethemean
andSD,whichsuggeststhatefectoftheoscilatingTailmoduleontheHeadmoduleistwice
comparedtothatoftheoscilatingHeadmoduleovertheTailmodule.Thisisbecauseofthe
asymmetricmassdistributionoftheconﬁguration,whichisbasedonthewayinwhichthetwo
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modulesareconnectedtoeachother7.
(a)Minibotconﬁguration (b)PlotofactuatorvaluesintheMinibotconﬁguration,
demonstratingefectsoftheoscilatingHeadmodule,
overtheﬁxed-positionTailmodule.
Figure3.15:Minibotconﬁgurationandaplotofitsactuatorvalues.
Fixed
Head Tail
Mean SD Mean SD
Oscilating Head - -Tail - -
Table3.19:QuantifyingICFbycalculatingmeanandSDofactuatorpositionoftheﬁxed-positionmodule,
connectedtoanoscilatingmoduleintheMinibotconﬁguration.
SimilarexperimentsareconductedonasimulatedTripodconﬁguration,byactuatingtwo
moduleswithsinusoidaloscilators,whichoscilateinphaseintheﬁrstexperiment,andwitha
phase-diferenceof inthesecondexperiment,whilethethirdmoduleisﬁxedtoareference
positionof ,inboththecases.Inthethirdexperiment,asinglemoduleisoscilated,while
theothertwomodulesareﬁxedtoareferencepositionof .Inalthreecases,althoughthe
oscilatingmodule(s)has/haveanefectontheﬁxed-positionmodule(s),theefectsarediferent
ontheﬁxed-positionmodules(s),ascouldbeseeninFigure3.16.MeanandSDofactuator
positionoftherespectiveﬁxed-positionmodules(s)areasprovidedinTable3.20.
AscouldbeobservedinTable3.20,thereisanoticeablediferenceintheforceexertedonthe
ﬁxed-positionmodule ,basedonthephase-diferencebetweenthetwooscilatingmodulesin
theTripodconﬁguration.Tofurtherexaminethisrelationshipbetweenvaryingphase-diference
amongoscilatingmodules,andtheforceexertedontheﬁxed-positionmodule,modules and
areactuatedwithsinusoidaloscilators,andwithphase-diferencebetweenthemodules
rangingbetween and ,atanintervalof .Resultofthisexperimentisasshownin
7ThesideoftheTailmoduleholdingtheservomotorisconnectedtothesideoftheHeadmodulethatisfree.
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(a)Twomodulesoscilatinginphase (b)Twomodulesoscilatingoutofphase
(c)Onemoduleoscilating
Figure3.16:PlotofactuatorvaluesintheTripodconﬁguration,demonstratingefectsofoscilating
module(s)overﬁxed-positionmodule(s).
Table3.21,whichisalsoplotedasabar-graphinFigure3.17.Forceexertedontheﬁxed-position
moduleisatthehighestwhenthetwooscilatingmodulesoscilateinphase,andatthelowest
whenmodulesoscilateoutofphase.TheSDataphase-diferenceof istwicecompared
toSDataphase-diferenceof .Thisisbecauseboththemodules,whileoscilatingin
phase,exertforceontheﬁxed-positionmoduleatthesametime,whereaswhenoscilatingwith
aphase-diferenceof ,eachmoduleexertforceontheﬁxed-positionmoduleatslightly
diferentpointsintime.
Forceontheﬁxed-positionmoduleisexertedwhenanoscilatingmodulepushesdownonthe
ground-surface.So,tostudyhowground-surfacefrictiondeterminestheforceexerted,another
experiment,similartotheoneexplainedinthepreviousparagraphwiththeTripodconﬁguration,
isconducted.Inthisexperiment,modules and oscilateinphase,andthemeanandSD
oftheﬁxed-positionmodule aresampledovervaryingCoefﬁcientofFriction(COF)ofthe
ground-surface.ResultsofthisexperimentisasshowninTable3.22,andthesameisplotedas
abar-graphinFigure3.18.Theresultsindicatethatthereexistsapositivecorelationbetween
COFoftheground-surfaceandtheforceexertedonamodule.
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Fixed
Mean SD Mean SD
Oscilating
and - -
and - -
Table3.20:MeanandSDofactuatorpositionofﬁxed-positionmodulesintheTripodconﬁguration.
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Table3.21:MeanandSDofactuatorvaluesoftheﬁxed-positionmoduleintheTripodconﬁguration,
sampledoverdiferentphasevalueofoscilatingmodules.
Figure3.17:PlotofmeanandSDofactuatorvaluesoftheﬁxed-positionmoduleintheTripodconﬁgura-
tion,sampledoverdiferentphasevaluesofoscilatingmodules.
SimilarexperimentsareconductedonarealY-botconﬁguration,whereinalthemodules
intheconﬁguration,exceptthe module,areactuatedwithsinusoidaloscilatorswith
anamplitudeof andinphase,whilethe moduleisactuatedaswel,butmadeto
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Table3.22:MeanandSDofactuatorvaluesoftheﬁxed-positionmoduleintheTripodconﬁguration,
sampledovervaryingCOFoftheground-surface.
Figure3.18:PlotofmeanandSDofactuatorvaluesoftheﬁxed-positionmoduleintheTripodconﬁgura-
tion,sampledovervaryingCOFoftheground-surface.
remainataconstantreferencepositionof .Experimentsareconductedonbothlow-friction
andhigh-frictionsurfaces —onpolishedstoneﬂoortiles,andongriptapeofaskateboard,
respectively.Inthelow-frictionsurfaceexperiment,the moduleoscilatewithameanand
SDof and respectively(Figure3.19a),whileinthehigh-frictionexperiment,the
moduleoscilatewithameanandSDof and respectively(Figure3.19b).Itis
tobenotedthatinexperimentswiththerealY-botconﬁguration,theﬁxed-positionmodulepeaks
inthepositive-axis,unliketheﬁxed-positionmodulesinthepreviousexperiments.Thisisdueto
themorphologyoftherobot.Whenaltheoscilatingmodulespushdownonthegroundsurface
(i.e, )simultaneously,thisresultsinthehingesoftheﬁxed-position module
pusheddowntowardsthegroundsurfaceaswel,andhencethespikeinthepositivedirection.
Basedonseveralfactorssuchasmorphologyandmass-distributionofaconﬁguration,
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(a)Low-frictionsurfaceexperiment (b)High-frictionsurfaceexperiment
Figure3.19:PlotofactuatorvaluesintheY-botconﬁguration,demonstratingefectsofoscilatingmodules
overtheﬁxed-positionSpinemodule.
phase-relationbetweenoscilatingmodulesandCOFoftheground-surface,connectedmodules
inagivenmodularroboticconﬁguration,exertforceofeachother.Thiscouldbeseenas
implicit-analog-communicationbetweenmodules,asaresultoftheembodimentoftherobot,
andcouldbeusedforcontrolingmodulesdistributively,suchthatdiferenceinlocalbehaviorof
individualmodulesresultintheemergedglobalbehavioroftheroboticconﬁguration.
Intherestofthissections,twodiferentmorphologybasedlocomotioncontrolersforMRs,
thatisdevelopedaspartofthisthesis,whichrelyonsuchimplicit-analog-communication
betweenmodulesinaconﬁguration,ispresented.Controlersparametersofboththecontrolers
areoptimizedthroughEvolutionaryAlgorithm(EA),andevaluationresultsofdiferentmodular
roboticconﬁgurationsarepresented.
3.3.2 Neural-oscilatorcontroler
Basedontheexperimentalresultsfromsectionsubsection3.3.1,page66,aneural-oscilator
baseddistributedlocomotioncontrolerisdeveloped.Inthiscontrolscheme,eachmodulewould
haveitsowncontroler,thecontrolersareuncoupledandhavetheexactsameparametervalues
acrosstheconﬁguration.ControlﬂowoftheproposedcontrolerisasshowninFigure3.20.
TheArtiﬁcialNeuralNetwork(ANN)ofthecontrolerhasoneinputneuron,onehiddenlayer
withasinglehiddenneuron,andoneoutputneuron.TheinputtotheANNisthepositionof
themodule’sactuator,whereastheoutputoftheANNisthecontrolsignaltothesame.The
lonehiddenneuronandtheoutputneuronhaveonebiasnodeeach,andhyperbolictangent
activationfunctionisusedinalthelayers.
Rateofrotationofanoscilatingmodule’sactuatorisdynamicalyinﬂuencedasaresult
ofIntra-ConﬁgurationForce(ICF)thatexistamongconnectedoscilatingmodules,andthis
phenomenoniscapturedbyEquation3.5.Thecontrolersourcesthepositionoftheactuatorat
everytimestep,andiftherotationspeedofthemodule’sactuatorisbelowacertainthreshold,
thenthecurentactuatorpositionofthemoduleisfedintotheANNtoproducethenextcontrol
signal.
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Figure3.20:ControlﬂowoftheNeural-oscilatorcontroler.
(3.5)
where isthepositionofthemodule’sactuatorattime.Parameters and areconstants,
with corespondingtotheactuator’srotationspeedthreshold.
UnlikeinSinusoidalcontrolerandFouriercontroler,whereacontinuousreferencetrajectory
isgenerated,inthiscontroler,onlytworeferencesignalsaregeneratedpercycleofoscilation.
Imagine,ifcontrolsignaltothemodule’sactuator(i.e,outputoftheANN)atinstance is
,thentheinternalProportional–Integral–Derivative(PID)controleroftheactuator
drivestheactuatortoreachthegoalposition .Eitheronorbeforereachingthegoalposition ,
whenEquation3.5issatisﬁed,thenextcontrolsignal(i.e, )isgeneratedby
theANNpartoftheNeural-oscilatorcontroler,andfedtothemodule’sactuator,folowedby
controlsignal atthenextinstance.SynapticweightsoftheANNareoptimizedthrough
EvolutionaryAlgorithm(EA),soastoproducesuchoscilatoryoutput.
Thiscontrolerisdistributed,aseachmodulehasitsowncontroler,anddonotrelyona
centralcontrolerforsynchronization.Althecontrolersinalthemodulesofaconﬁguration
wouldhaveidenticalparametervalues,makingthecontrolerhomogeneous.Eachcontroleris
completelyindependent,ascontrolersinaconﬁgurationarenotcoupledwitheachother,andso
thecontrolerisscalableaswel.Modulesdonotcommunicatewitheachotherexplicitlyeither.
So,diferenceinactionofmodulesinaconﬁguration,comesaboutasaresultofinteraction
betweenmodulesandtheirenvironment,intheformofICF,whichiscapturedbyEquation3.5.
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3.3.2.i Evaluation
AltheparametersoftheNeural-oscilatorcontrolerareoptimizedthroughEA.Forevolving
agait,thetargetmodularroboticconﬁgurationissetupinthesimulationenvironment,with
randomlyinitializedcontrolerparametervalues,andwithalthemoduleshavingtheirowncopy
oftheclonedcontroler.Eachcandidatecontrolerisevaluatedinsimulationforaperiodof ,
andbasedontheﬁtnessvalueofthecontrolers,theyareselected,crossed-over,mutatedand
cariedforwardtothenextgeneration.Thisisdoneindependentlyforalﬁveconﬁgurations.Post
evolution,bestperformingcandidatecontrolerofthelastgenerationisevaluatedforaperiodof
.Evaluationresultsofalﬁveconﬁgurationsarepresentedinthefolowingsubsections.
Minibot
ApplyingthebestevolvedNeural-oscilatorcontrolerforMinibotconﬁgurationresultsinthe
typicalcaterpilarlikegait.Sinceboththemoduleshaveidenticalcontrolers,startatthesame
time,andwiththesameinitialconditions,modulesstarttooscilateinphase,butquicklydevelop
andmaintainasteadyphase-diference.Averagephase-diferencebetweenthetwomodulesis
,withastandarddeviation(SD)of .Frequencyofoscilationisnotpredeﬁned
inthiscontrolscheme,butisintrinsictothesystem.Averagefrequencyofoscilationofthe
HeadandTailmodulesare and respectively,withaSDof and
respectively.Similarly,phase-diferencebetweenmodulesisnotpredeﬁnedeither,
butisaresultofthemorphologyoftherobot,andduetotheinteractionoftherobotwithits
environment.Plotsofactuatorvalues,frequencyandphase-diferencebetweenmodulesinthe
emergedgaitisasshowninFigure3.21,Figure3.22andFigure3.23respectively.Average
locomotionspeedinthisgaitis .
Figure3.21:ActuatortrajectoriesofMinibotmodules,whenevaluatedwiththebestevolvedNeural-
oscilatorcontroler.
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Figure3.22:OscilationfrequencyofMinibotmodules,whenevaluatedwiththebestevolvedNeural-
oscilatorcontroler.
Figure3.23:Phase-diferencebetweenMinibotmodules,whenevaluatedwiththebestevolvedNeural-
oscilatorcontroler.
Tripod
ApplyingthebestevolvedNeural-oscilatorcontrolerfortheTripodconﬁgurationresultsina
stablegait,wheretherobottravelsonanarcedtrajectory.Here,stabilityofagaitismeasured
intermsofconsistencyofphase-diferencebetweenmodules.IntheMinibotconﬁguration,
modulesHeadandTailoscilatewithaphase-diferenceof betweenthem,butwitha
lowSDof intheemergedphase-diference.If,ontheotherhand,thephase-diferenceis
eraticoroscilatedovertime,thiswouldresultintherobotmovebackandforthonastraight
line,ratherthantravelconsistentlyinonedirection.IntheTripodconﬁguration,whenevaluated
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withthebestevolvedNeural-oscilatorcontroler,modulesoscilatewithfairlyconsistentphase-
diferencebetweeneachother,withSDinphase-diferencerangingbetween .
Aplotofthephase-diferencebetweenmodules,duringoneoftheevaluationswiththebest
evolvedNeural-oscilatorcontroler,isasshowninFigure3.24].Table3.23containsmeanand
SDofphase-diferencebetweenalthemodulepairs.Averagelocomotionspeedinthisgaitis
.
Figure3.24:Phase-diferencebetweenTripodmodules,whenevaluatedwiththebestevolvedNeural-
oscilatorcontroler.
TripodModules
Mean
SD
Mean
SD
Mean
SD
Table3.23:MeanandSDofphase-diferencebetweenmodulepairsintheTripodconﬁguration,when
evaluatedwiththebestevolvedNeural-oscilatorcontroler.
Quadropod
IntheQuadropodconﬁguration,bestevolvedNeural-oscilatorcontrolerresultsinadiagonal
crawlinggait.Thecontrolerisevaluatedtentimes,andineachevaluation,apairofadjutant
modulesoscilateinphasefootnote3,whilethereexistingphase-diferencebetweentherestof
themodulepairs.Thisresultsinthediagonalcrawlinggait,similartothegaitthatemergesin
thisconﬁgurationwiththebestevolvedSinusoidalcontroler(section3.2.1.i,page52).Unlike
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theperiodicfunctioncontrolers,outputofthiscontrolerisnotdeterministic,butstochastic
asitisbasedonthemodule’sinteractionwithotherconnectedmodulesandtheenvironment.
Duetothesymmetryoftheconﬁguration,phase-relationthatemergesbetweenmodulesis
notconsistentbetweenevaluations,althoughstable(lowSDofphase-diference)withinan
evaluation.Thisresultsintherobotcrawlinginadiferentdirection(north-east,north-west,south-
west,south-east)eachevaluation.Outofthetenevaluations,therobotcrawledinnorth-east
andnorth-westdirectionsthriceeach,andtwiceeachinsouth-eastandsouth-westdirections.
Aplotofphase-diferencevaluesbetweenmodulesduringoneoftheevaluationsisasshown
inFigure3.25,andTable3.24containsmeanandSDofphase-diferencebetweenal module
pairsfromthesameevaluation.Averagelocomotionspeedinthiscontroleris .
Figure3.25:Phase-diferencebetweenQuadropodmodules,whenevaluatedwiththebestevolved
Neural-oscilatorcontroler.
QuadropodModules
Mean
SD
Mean
SD
Mean
SD
Mean
SD
Table3.24:MeanandSDofphase-diferencebetweenmodulepairsintheQuadropodconﬁguration,
whenevaluatedwiththebestevolvedNeural-oscilatorcontroler.
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Y-bot
IntheY-botconﬁguration,whenappliedwithitsbestevolvedNeural-oscilatorcontroler,the
emergedgaitisverysimilartothegaitthatemergeinthisconﬁgurationwiththebestevolved
Sinusoidalcontroler(section3.2.1.i,page54).Basedontheconsistencyofthephase-relation
amongmodules,theemergedgaitisagainverystable.ThetwoHeadmodulesoscilatein
phasefootnote3,andthereisasteadyphase-diferencebetweentherestofthemodulesinthe
conﬁguration,whichproducesapropagatingsine-wavestartingfromtheHeadmodulesand
movinginthedirectionoftheTailmodule,resultingintheforwardpropulsionoftherobot,in
thedirectionoftheTailmodule.phase-relationtableandaplotofphase-diferencebetween
modules,whenevaluatedwiththebestevolvedcontroler,canbeseeninFigure3.26and
Table3.25respectively.Averagespeedoflocomotionachievedinthiscontroleris .
Figure3.26:Phase-diferencebetweenY-botmodules,whenevaluatedwiththebestevolvedNeural-
oscilatorcontroler.
Y-botModules
Mean
SD
Mean
SD
Mean
SD
Mean
SD
Table3.25:MeanandSDofphase-diferencebetweenmodulepairsintheY-botconﬁguration,when
evaluatedwiththebestevolvedNeural-oscilatorcontroler.
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Lizard
TheLizardconﬁgurationproducesareptilianlikequadrupedforward-walkinggait,wheneval-
uatedwiththebestevolvedNeural-oscilatorcontrolerforthisconﬁguration.Modulesstartto
oscilateinphase,butveryquicklyconvergetoandmaintainasteadyphase-diference.In
theemergedgait,pairsoflegmodulesonthesameside( and )
oscilateinphasefootnote3,whilethereexistsaphase-diferenceof betweenthetwopairs.
Thetwo modulesoscilateintheyaw-axiswithaphase-diferenceof between
them.Consideringmodule asthereferencemodule,aphase-diferenceof ex-
istsbetween and modules,andphase-diferenceof between and
modules.Therobotwouldmoveintheoppositedirectionifthesetwophase-diference
valuesareinterchanged.Averagespeedoflocomotionachievedinthiscontroleris .
3.3.2.i Crossevaluation
Neural-oscilatorcontrolerisdistributer,homogeneousandscalable. Therefore,controler
optimizedforoneconﬁgurationcanbeappliedtoanyotherconﬁguration,ofanysize.So,to
testhowadaptableNeural-oscilatorcontroleris,bestevolvedcontrolerofeachoftheﬁve
conﬁgurationsarecross-evaluatedonrestofthefourconﬁgurations.Cross-evaluationresults,
asspeedoflocomotion( )ineachevaluation,areprovidedinTable3.26.
Controler AverageMinibot Tripod Quadropod Y-bot Lizard
Ro
bot
Minibot Mean 3.12 2.60 2.84 N/Afootnote8 2.73 2.26SD 0.04 0.18 0.04 0.06
Tripod Mean U/Pfootnote10 1.48 1.31 1.15 1.26 1.04SD 0.17 0.28 0.56 0.31
Quadropod Mean 2.10 1.45 3.66 1.61 2.68 2.30SD 0.77 0.22 0.42 0.48 0.46
Y-bot Mean 3.0 1.76 3.44 5.31 5.08 3.72SD 0.57 0.42 0.47 0.89 0.37
Lizard Mean U/Pfootnote10 4.52 U/Pfootnote10 U/Pfootnote10 5.92 2.1SD 0.57 0.32
Average 1.64 2.36 2.25 1.61 3.53
Table3.26:Cross-evaluationresultsofbestevolvedNeural-oscilatorcontrolersevaluatedonalﬁve
conﬁguration.
Eachcontrolerisevaluatedonalﬁveconﬁgurations,andthevaluesshowninTable3.26are
themeanspeedoflocomotion( ),andSD,after100secondsofevaluation,averagedover
10trials.Eachrowconsistsresultsofoneconﬁgurationevaluatedwithalﬁvecontrolers.Ifthe
robottippedoveratanypointduringevaluation,on4ormoreoutof10evaluations,thentheresult
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isnotconsideredandmarkedasN/A8.Stabilityofagaitisbasedonconsistencyofthephase-
diferenceamongmodulesinagivenconﬁguration.Inconsistentorperiodicphase-diference
resultsintherobotmovingeraticalyorback-and-forthrespectively.So,ifphase-diferencein
theemergedgaitduringcross-evaluationiseraticorunstable9in4ormoreoutof10trails,then
thatevaluationisnotconsideredeither,andmarkedasU/P10.
Bestperformanceineachconﬁgurationisobtainedwiththecontroleroptimizedforthat
conﬁguration,whicharethediagonalelementsofTable3.26(celscoloredgray).Thelast
rowcontainsaveragelocomotionspeedofeachoftheﬁvecontrolers,evaluatedonalﬁve
conﬁgurations,whilethelastcolumncontainsaveragelocomotionspeedofeachoftheﬁve
conﬁguration,evaluatedwithalﬁvecontrolers.ControlersoptimizedforTripodandLizard
conﬁgurationsarethemostadaptive,astheyproducesomelocomotionintherestofthefour
conﬁgurations,albeitsuboptimal,withtheLizardcontrolerhavingthehighestaveragelocomotion
speed.Amongtherobots,QuadropodandY-botarethemostadaptiveconﬁgurations,asthey
resultsinstablegaitswhenevaluatedwiththerestofthefourcontrolers.Y-botconﬁguration
averagedthehighestmeanlocomotionspeedat .
3.3.2.ii Dicussion
TheNeural-oscilatorcontrolerisdistributerandhomogeneous. Althoughalthemodules
inaconﬁgurationhavetheexactsamecontrolerandparameters,startwiththesameinitial
conditions,anddonotevencommunicatewitheachotherexplicitly,theyresultinproducing
diferentlocalactions—intheformofphase-diferentbetweenmodules—whichresultsinthe
emergedglobalactionintheformofstablegait.ThereasonforthisbehavioristheICFthat
existsbetweenmodules,whichisduetotheembodimentoftherobot.
Whencross-evaluated,15outof20cross-evaluationsresultsinstable,albeitsuboptimal,
gaits.So,Neural-oscilatorcontrolerisnotonlyscalable,butcanalsoadapttothechange
inconﬁguration.Forexample,whenacontroleroptimizedforLizardconﬁgurationiscross-
evaluatedontheY-botconﬁguration,acaterpilar-likecrawlinggait,whichistypicalfortheY-bot
conﬁguration,emerges.Thesamecontroler,ontheLizardconﬁguration,resultsinareptilian-
likequadrupedforward-walkinggait.Twofundamentalydiferentgaitsemergefromasingle
controlerontwodiferentconﬁgurations.Thisisduetothemorphologyoftheconﬁgurationin
whichagaitemerges,ratherthanduetojustthecontroleralone.
8NotAvailable
9Consistencyofphase-diferenceismeasuredbycalculatingSDofphase-diferencebetweenmodulepairsin
theconﬁguration.Inthecontextofthisthesis,phase-diferenceisconsideredconsistentif
.
10UnstablePhase-diference
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3.3.3Inversesinusoidalcontroler
ThemorphologydependentNeural-oscilatorcontrolerishomogeneous,uncoupledandcan
adapttothemorphologyoftherobot.TheArtiﬁcialNeuralNetwork(ANN)partoftheNeural-
oscilatorcontroler,takescurentactuatorpositionofamoduleasinput,andoutputsthe
nextactuatorpositionthatthemoduleneedstooscilateto. Onthecontrary,periodicclass
ofcontrolers(SinusoidalcontrolerandFouriercontroler)generateprecisetrajectoryforthe
moduletofolow. Butthesecontrolers,unlikethemorphologydependentNeural-oscilator
controler,aremodulespeciﬁc(heterogeneous)andsoarenotadaptive.Tocombinefeaturesof
bothperiodicandmorphologydependentcontrolers,Inversesinusoidalcontrolerisdeveloped.
ControlﬂowofInversesinusoidalcontrolerisasshowninFigure3.27.SimilartotheNeural-
oscilatorcontroler,thiscontrolerisdistributer,homogeneous,uncoupledandmorphology
dependentaswel.Atitscore,asimplesinusoidalfunctiongeneratestrajectoryforthemodule’s
actuatortofolow.OnemajordistinctionbetweenthiscontrolerandtheSinusoidalcontroler
(subsection3.2.1,page49)is,here foralthemodulesintheconﬁguration.So,change
inamodule’sbehaviorcomesaboutasaresultofthemorphologyoftheroboticconﬁguration.
Thecontrolersourcesactuatorposition atevertimestep,andcomparesitagainstthelast
controlposition generatedbyEquation3.6.Whenthisdiferenceisgreaterthan ,variable
getsreadjusted(Equation3.7),suchthat ,atthenexttimestep.So,diferenceina
module’sactioncomesaboutasaresultofitsinteractionwithothermodulesintheconﬁguration,
andwiththeenvironment. Atthebeginning,althemodulesinaconﬁgurationstartofby
oscilatinginphase,butdiferenceintheiroscilationphaseemergesasaresultofreadjusting
variable.
Figure3.27:ControlﬂowoftheInversesinusoidalcontroler.
(3.6)
(3.7)
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(3.8)
(3.9)
Equation3.9istheinversesinusoidalfunction,whichisdevelopedaspastofthisthesis.For
asinusoidalfunction,whichisafunctionoftime,withamplitude ,ofset andfrequency ,
giventhecurentangleandvelocity andvelocity respectively,inversesinusoidalfunction
cancalculatetime (where istheperiodoftheoscilation).Thatis,itcan
calculatethepointwithinthecurentoscilationcycleatwhich .Thisfunctioncalculates
basedonthecurentangle andthesignof ,i.e,thedirectionofthecurentvelocity.
Given byEquation3.9,inEquation3.8 ,aswelasthe
directionofvelocityisswitchedonthefolowingtimestep .Basedon, isupdated
accordinglyinEquation3.7.
Theintuitionbehindthiscontrolmodelis:duetohomogeneityofthecontroler,althe
moduleinaconﬁgurationstartbyoscilatinginphase.ButasaresultofIntra-Conﬁguration
Force(ICF)betweenconnectedmodules,varyingdiferencebetweencontrolsignal and
actuatorposition emergeinmodules,basedonthepositionofthemoduleinaconﬁguration.
When ,getsadjustedsuchthat inthefolowingtime-step,whilealso
switchingthedirectionofoscilation.Thisresultsinimplicitlybreakingphasesymmetryamong
oscilatingmodules.Although,ameaningfulgaitforagivenconﬁgurationonlyemergeswhen
parameter isoptimized,andanoptimalgaitbyfurtheroptimizingparameters, and .
3.3.3.i Evaluation
Agaitineachoftheﬁvemodularroboticconﬁgurationsisevolvedbyfolowinganapproach
similartothatoftheNeural-oscilatorcontroler(subsubsection3.3.2.i,page73).Inthiscase,
onlyfourparameters( , , and )areoptimizedpergait/conﬁguration.Postevolution,best
performingcandidatecontrolerofthelastgenerationisevaluatedforaperiodof .Evaluation
resultsofalﬁveconﬁgurationsarepresentedinthefolowingsubsections.
Minibot
ReferenceandactuatortrajectoriesoftheMinibot modules,whenevaluatedwiththebest
evolvedInversesinusoidalcontroler,areasshowninFigure3.28.Controlsignalsfortheﬁrst
cycleareidenticalforthetwoMinibotmodules.At ,diferencebetweenthecontrol
signalandactuatorpositionoftheHeadmodulegrowstoavaluegreaterthanparameter
( inthiscase),whichresultsin updatedbyEquation3.8,breakingoscilation
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symmetry between the two modules. Similarly, in the third (t=1.88s), fourth (t=2.50s) and
ﬁfth (t=3.11s) oscilation cycles of theHeadmodule (marked in red on thex-axis of the
plot in Figure 3.28),tHeadis further readjusted, resulting in the two modules to oscilate with a
phase-diference of117.17◦for the rest of the evaluation period (3.11s<t<100s). With this
controler,Minibotproduces the caterpilar gait, which is typical and the only meaning gait for
this conﬁguration, traveling at an average speed of2.72cm/s.
Figure 3.28:Reference and actuator trajectories of Minibot modules, when evaluated with the best
evolved Inverse sinusoidal controler. Marked in red on thex-axis are points in time when control signal of
the Head module is adjusted, resulting in the emerged gait.
Tripod
When evaluated with the best evolved controler, al the modules in theTripodconﬁguration
initiate by oscilating in phase, but after several iterations of adjustments of the respectivet
values of al the three modules, al of which occur during the ﬁrst 10 seconds of the evaluation
(Figure 3.29), a forward crawling gait emerges. Aftertadjustments, modulesM1andM3setle
into oscilating in phase, while moduleM2setles into an oscilation with a phase-diference of
≈148.67◦with respect to the other two modules, resulting in the forward-crawling gait at an
average speed of1.26cm/s.
Quadropod
When evaluated with the best evolved controler, modulesM1andM2setle into oscilating in
phase, while modulesM3andM4setle into oscilations with a phase-diference compared to
the other two pairs. Al the module in this conﬁguration setle into a steady gait within the ﬁrst 5
seconds of the evaluation, and the emerged gait is very similar to the gait that emerge in this
conﬁguration, when evaluated with the best evolved sinusoidal controler, and at an average
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Figure3.29:ReferencetrajectoriesofTripodmodules,whenevaluatedwiththebestevolvedInverse
sinusoidalcontroler.
locomotionspeedof .Phase-relationbetweenmodulesthatemergedinthisgait,
duringoneoftheevaluations,isasshowninTable3.27.
QuadropodModules
Table3.27:Phase-diferencebetweenmodulepairsintheQuadropodconﬁguration,thatemergewhen
evaluatedwiththebestevolvedInversesinusoidalcontroler.
Y-bot
BestevolvedcontrolerfortheY-botconﬁgurationproducesthecaterpilargait,whichistypical
forthisconﬁguration.Modules and oscilateisphase,whilethereexists
aconsistentphase-diferencebetweenthe modulesandthe module,aswelas
between moduleandthe module.Although,theemergedgaitissuboptimalatan
averagelocomotionspeedof .
Lizard
TheLizardconﬁgurationproducedalateral-walkinggait,whenevaluatedwiththebestevolved
Inversesinusoidalcontroler.Limbmodulepairsonthesameside(modules and
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asonepair,andmodules and asthesecondpair)oscilateinphase,whileaphase-
diferenceof existbetweenthetwopairs.Thetwo modulesoscilateinphase
aswel,resultinginalateral-walkinggaitsimilartothegaitthatemergesinthisconﬁguration
withtheSinusoidalcontroler.Averagespeedoflocomotioninthisgaitis .
3.3.3.i Dicussion
SimilartotheNeural-oscilatorcontroler,Inversesinusoidalcontrolerisdistributed,homoge-
neous,andscalable.ButunlikeaNeural-oscilatorcontroler,itprovidesacontinuestrajectory
forthemodule’sactuatortofolow.ThiscontrolercombinesfeaturesofSinusoidalcontrolerand
Neural-oscilatorcontroler,andonlyfourparametersneedstobetunedtoachieveagaitwith
thiscontroler.ChangeinactionofoscilatingmodulescomeaboutasaresultofICFthatexist
amongmodulesinaconﬁguration.
Bestevolvedcontrolerineachconﬁgurationisevaluated10times,witheachevaluation
lastingforaperiodof100seconds.Meanandstandarddeviation(SD)oftheseevaluationsare
aspresentedinTable3.28.Gaitsthatemergeineachconﬁgurationwiththeresultingfastest
controleristypicalfortherespectiveconﬁguration.IntheLizardconﬁguration,alateral-walking
gaitemerges,propelingtherobotinthenorthdirection11.Speedoflocomotioninalﬁve
gaitsarelowercomparedtobothSinusoidalcontrolerandNeural-oscilatorcontroler.The
mainreasonforthisisthecommonamplitudeandofsetparametersforalthemodulesinthe
conﬁguration.
Robot Speed( )Mean SD
Minibot 2.72 0.13
Tripod 1.26 0.23
Quadropod 2.63 0.27
Y-bot 3.75 0.12
Lizard 2.32 0.08
Table3.28:MeanandSDoflocomotionspeedofaltheconﬁgurations,evaluatedwiththerespective
bestevolvedInversesinusoidalcontroler.
11Asimilargaitemergesinthisconﬁguration,withsomeoftheSinusoidalcontrolersevolved(section3.2.1.i,page
55).Butadistinctionbetweenthetwogaitsisthedirectionoflocomotion,whichisoppositetoeachother.
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Summary of the chapter
In this chapter five different modular robotic configurations, experimented with during this course
of this thesis, are described from a kinematic and gait perspective. Of the five configurations,
Minibot, Tripod and Quadropod configurations can be found in the literature, but Y-bot and Lizard
configurations are original to this thesis, to the best of the author’s knowledge.
Two class of locomotion controllers for Modular Robot (MR)s are developed and evaluated
on several modular robotic configurations. The first class of controllers is periodic function
based, which includes: Sinusoidal controller, based on sine wave function, and Fourier controller,
based on Fourier series. Sinusoidal oscillators as locomotion controllers for MRs can be found
in the literature, and so implemented in this thesis so as to set a benchmark for comparing
rest of the controllers developed as part the thesis. Evolutionary Algorithm (EA) is used for
optimizing Sinusoidal controller parameters, and then the resulting fastest controller is evaluated
for each of the five modular robotic configurations. Two different gaits emerge in the Lizard
configuration, and one each in the rest of the configurations. Of the total six gaits, four of them
are the fastest compared to the rest of the controllers. But a drawback of this controller is that
it is heterogeneous, and so cannot adapt to change in configuration. Also, as the number of
modules in the configuration grows, dimension of the controller parameter space grows linearly
as well, making it hard for an optimization technique to find good set of parameters.
The second under the periodic function based controllers class, is the Fourier controller. This
is the first instance of use of Fourier series as locomotion controller in MR, to the best of the
author’s knowledge. This controller is heterogeneous as well, and so not adaptive to change
in configuration. A distinction between this controller and Sinusoidal controller is the increased
complexity in the generated trajectory, when anything over the first frequency component
is used. Two variants of Fourier controller are evaluated: one with just the first frequency
component, and the other with two frequency components. Gaits in some configurations are
evolved with these controllers, and evaluated. Best evolved first frequency component Fourier
controller (ffc-Fourier controller) on the Minibot configuration produces the fasted caterpillar
gait, while the rest of the evaluations are suboptimal. A major disadvantage of this controller is
increased dimension of the parameter space, which is unnecessary for two-dimensional (2D)
modular robotic configurations.
The second class of controllers developed in this thesis are morphology based. Two types
of morphology based locomotion controllers for MRs are developed, which are: ANN based
Neural-oscillator controller, and inverse sinusoidal function based Inverse sinusoidal controller.
Implicit forces that exist between connected modules in a configuration, due to embodiment of
the robot, are studied and quantified. Based on this, a distributed and homogeneous locomotion
controller, consisting an ANN, is developed. Control parameters are optimized through EA and
evaluated of all five modular robotic configurations. Although all the modules carry the exact
same controller, start with the same initial conditions, and are uncoupled, modules act differently,
through which a stable gait emerges as a result of the morphology of the robotic configuration.
Best evolved controllers of each configuration are cross-evaluated on each other. Results of the
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cross-evaluationprovescalabilityandadaptabilityofthecontroler.Twodistinctbutstablegaits
emergeontwodiferentconﬁgurations,whenevaluatedwiththesamecontroler,suggestinga
stronglinkbetweenthemorphologyoftherobotandthecontroler.
Inversesinusoidalcontroleristhesecondtypeofmorphologybasedlocomotioncontroler
developedinthisthesis. Ageneralinversesinusoidalfunctionisdevelopedaspartofthis
controler,which,giventhecurentpositionandvelocityofasinusoidaloscilation,givestime
(valueonthe -axis)withinthecurentcycle. Thisfunctionisusedtomodulatecontrol
signaltomodule’sactuator,throughwhichdiversityinmodule’sactioncomesabout,andwhen
theparametersareoptimized,agaitemerges.EAisonceagainusedforoptimizingcontrol
parameterforeachconﬁgurationindependently,andthebestevolvedcontrolerisevaluated.
Stablegaitsemergeinalﬁveconﬁgurations,althoughnotoptimal.
CHAPTER 4
Bipedal Locomotion Controller for Humanoids
Introduction
In the previous chapter, four different locomotion controllers for MRs are developed and evalu-
ated. Trajectories generated in three of these controllers are very simple — with two of them
being sinusoidal based — which suffice for creeping/crawling gaits in 2D modular robotic config-
urations. More complex trajectories are needed for bipedal locomotion in a humanoid robots.
Fourier controller presented in the previous chapter could generate such trajectories for bipedal
locomotion, but this controller is parameter heavy. A Fourier series based controller for bipedal
locomotion has been implemented in [Yang et al., 2006] and [Shafii et al., 2009].
One of the objectives of this thesis is to develop locomotion controller for producing bipedal
gait in a humanoid robot, and to do so through a model-free approach. Looking at locomotion
as a set of coordinated oscillations, the focus in this chapter is to: (i) develop a parameterized
periodic function, that can generate a wide variety of complex trajectories, and be used as
locomotion controller (ii) learn a stable gait in a simulated humanoid robot by optimizing controller
parameters through EA.
In this chapter, a feature-based, general periodic function is developed, through which a wide
variety of linear trajectories can be generated. Shape of the trajectory generated through this
function, can be defined as a set of features, such as symmetry, skewness, signal-width, duality
and squareness, along with the regular amplitude, offset, phase and frequency parameters. First,
joint trajectories of a previously evaluated nonlinear bipedal gait are taken as reference, and a
set of linear approximates are modeled. These approximates are then tested on a simulated
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humanoidrobot,toprovethevalidityofthecontrolmodel.Afterwhich,linearjointtrajectoriesare
optimizedafreshthroughEA,andevaluated.Themainobjectofthecontrolermodelpresented
inthischapter,isamodel-freeapproachtowardsbipedallocomotion.
4.1 SimpliﬁedLinearModel
In[Monjeetal.,2013]Monjeetal.,havesuccessfulytestedjointtrajectoriesforbipedalwalking
gait,generatedusingthecart-tablemethod,onbothasimulatedandarealHumanoidforOpen
ArchitecturePlatform(HOAP-3)robot.Thegeneratedjointtrajectoriesoftherightandleftlimb
jointsareasshowninFigure4.1andFigure4.2respectively.
Asastartingpoint,thesejointtrajectorieswhicharenonlinearandvaried,areconsidered.
Takingintoaccountalthediferentfeaturesofthetrajectories,amodelthatcanapproximatelyﬁt
thesetrajectoriesisdeveloped.Inthefolowingsubsections,trajectoryoftherighthipjoint(in
thepitchaxis)isconsideredasreference,andtheprocessofincrementalydevelopingamodel,
onefeatureatatime,thatﬁtsthistrajectoryisbeingexplained.
Figure4.1:Jointtrajectoriesoftherighthip,kneeandanklejointsgeneratedbasedonthecart-table
method.
4.1.1 AsymmetricTriangleWave
(4.1)
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Figure4.2:Jointtrajectoriesofthelefthip,kneeandanklejointsgeneratedbasedonthecart-table
method.
(4.2)
where ( )istheamplitude, ( )istheofset, ( )isthe
phase, ( )istheperiodand ( )isthesymmetryparameter.
AsawtoothwavefunctionisdeﬁnedinEquation4.1.Atrianglewavefunction,asacombina-
tionofsawtoothwaveandreversesawtoothwave( ),isdeﬁnedinEquation4.2,where
parameter deﬁnesthesymmetryoftheresultingtrianglewave.If ,thentheresulting
trianglewaveissymmetric,elseif ,orif thentheresultingtrianglewave
tendstoleantowardssawtoothwaveandreversesawtoothwaveformsrespectively.Figure4.3
containsexamplesofsymmetricandasymmetrictrianglewavesgeneratedby function
(Equation4.2).
Thecart-tablemodelgeneratedrighthip(pitch)jointtrajectory,andalinearapproximate
ofitbasedonthetrianglewavefunction,isasshowninFigure4.4.Parametersofthislinear
approximate,whicharehand-tuned,areaspresentedinTable4.1.
4.1.2 DualTriangleWave
FromFigure4.4,simplicityofthetrianglewave-basedmodelisquiteevident.Bytuningthe
parameter,onlyoneofthetwohalves,eitherthetoporthebotom-half,oftheoriginaltrajectory
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Figure4.3:Trianglewaveswith (red), (green)and (blue).
Parameter Value
Table4.1:Trianglewavefunctionparametersforgeneratingthelinearapproximatetrajectory.
Figure4.4:Originaltrajectory,andthetrianglewavebasedapproximateofit.
canbemodeled.So,thecurentmodelisextendedbyconsideringthetwohalvesindependently
inthefolowingway:
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(4.3)
(4.4)
where isapairofamplitudeparameters,and isapairof
symmetryparameters.
InEquation4.4,top-halfofonetrianglewaveandbotom-halfofanothertrianglewave(dual
triangles),eachwithindependentamplitudeandsymmetryparameters,arecombinedtogetherto
producetrajectoriesthathaveindependenthalves(topandbotom).Someexampletrajectories
withindependent(asymmetric)halvesareasshowninFigure4.5.
Figure4.5:Trianglewaveswithasymmetrybetweenthetopandbotomhalves.
Figure4.6containstheoriginaltrajectory,andalinearapproximateofitbasedonthedual
trianglewavemodel.Parametersofthislinearapproximation,whicharehand-tuned,areas
presentedinTable4.2.
4.1.3 WidthModulation
Thedualtrianglewave-basedapproximate,ﬁtstheoriginaltrajectorymuchcloserthanthe
trianglewavemodeldoes,buttherestilexistsadiscrepancybetweenthetwo.Thelinearmodel
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Parameter Value
Table4.2:Parametersofthedualtrianglewavebasedfunction,forgeneratingthelinearapproximate
trajectory.
Figure4.6:Originaltrajectory,andthedualtrianglewavebasedapproximateofit.
isfurtherenhancedbyaddingdutycyclefeaturetoit,asfolows:
(4.5)
(4.6)
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where isapairofdutycycleparameters.
InEquation4.5,widthofasawtoothwave,withinacycle,ismodulated.If ,then
widthofthetop-halfofthesawtoothwaveisshrunkinverselyproportionaltoparameter ,while
if ,thenthedutycycleofthesignalis .Similarly,parameter determinesthe
widthofthebotom-halfofthesawtoothwave.InEquation4.6,width-modulatedsawtoothand
reversesawtoothwavesarecombinedtogethertoproduceawidth-modulatedtrianglewave.
Examplesofwidth-modulatedtrianglewaves,withdutycyclesof and ,areasshown
inFigure4.7.
Figure4.7:Trianglewaveswithdutycycleof (red)and (green).
4.1.4 Skewness
(4.7)
where isapairofskewnessparameters.
Positionoverthe -axis(time)ofawidth-modulatedtrianglewave,withinacycle,canalso
bemodulatedbyintroducingtheskewnessfactorintoEquation4.5asdeﬁnedinEquation4.7.
Parameter inEquation4.7determinestheposition,onthe-axis,oftheupperwidth-
modulatedtriangle.If thenthetriangleispositivelyskewed,elseif
thenthetriangleisnegativelyskewed,elseif thenthetriangleisnotskewed.Similarly,
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parameter determinestheskewnessofthebotomtriangle.Thevalueofthe determines
theskewnessofthetriangle,andisonlyafactorifthetrianglehasamodulated-width(i.e.if
).Ifthetrianglehasadutycycleof ,then hasnoefectontheresulting
triangle.Examplesofpositivelyandnegativelyskewedwidth-modulatedtrianglewavesareas
showninFigure4.8.
Figure4.8:Width-modulatedtrianglewaveswithpositiveskew(red)andnegativeskew(green).
Theoriginaltrajectoryincomparisonwiththelinearapproximategeneratedfromtheupdated
modelisasshowninFigure4.9.Parametersofthislinearapproximation,whicharehand-tuned,
areaspresentedinTable4.3.
Parameter Value
Table4.3:Parametersofthetrianglewavefunction,withdutycycleandskewnessfactors,forgenerating
thelinearapproximatetrajectory.
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Figure4.9:Originaltrajectoryanditslinearapproximatebasedonthemodelwithdutycycleand
skewnessfactors.
4.1.5 Squareness
Theupdatedapproximationwithmodulated-widthandskewnessfactors,ﬁtstheoriginaltrajectory
muchbetercomparedtothepreviousmodel.Thelinearmodelisfurtherenhancedbyadding
thesquarenessfactorasfolows,
(4.8)
(4.9)
where isapairofsquarenessparameters.
InEquation4.9,parameter determineshowsquareortriangularthesignalis.If
thentheupperhalfisofaperfecttriangularshape,elseif ,thenthetoppartof
theupperhalfofthesignalisclipped,andthesignalisresizedbyincreasingtheamplitude
parameterinproportionasdeﬁnedinEquation4.8.Magnitudeoftheparameter determines
thesquarenessofthesignal.Similarly, determinesthesquarenessofthebotom-halfofthe
signal.SomeexamplesareasshowninFigure4.10.
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Figure4.10:Trajectorieswithtriangular(red),semi-triangular(green)andsquarewaveforms.
Thenewlinearapproximate,withsquarenessfactorincluded,comparedtotheoriginalsignal
isasshowninFigure4.11.Hand-tunedparametersofthislinearapproximationareaspresented
inTable4.4.
Parameter Value
Table4.4:Parametersofthetrianglewavefunction,withsquarenessfactors,forgeneratingthelinear
approximatetrajectory.
Similarlytotherighthip(pitch)jointtrajectory,anapproximatelinearﬁttotheoriginal(cart-
tablemodelgenerated)trajectoryofrightkneejointismodeled,andisasshowninFigure4.12.
Hand-tunedparametersforthislinearapproximatemodelareaspresentedinTable4.5.
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Figure4.11:Originaltrajectoryanditslinearapproximatebasedonthemodelwithsquarenessfactor.
Figure4.12:Rightkneejoint:Theoriginaltrajectoryanditslinearapproximate.
4.2 ApproximatingCart-TableModel
Similartorighthip(pitch)andrightkneejoints,linearapproximatesoftheremainingeightcart-
tablemodelgeneratedjointtrajectories(Figure4.1andFigure4.2)aregeneratedbyhand-tuning
Triangle/Squarewavefunctionparameters.Then,theresultingtrajectoriesaretestedonthe
simulatedmodelofthesmal-sized( )HumanoidforOpenArchitecturePlatform(HOAP-3)
robot,inanOpenDynamicsEngine(ODE)-basedphysicssimulatorOpenRAVE[Diankovand
Kufner,2008].
Eachevaluationstartswiththerobotatthedefaultstand-stilposition,wherealthejoints
areat .Sincealtenjointtrajectoriesgenerated,oscilateatanon-zero-centeramplitude(i.e.
),asuddendisplacementofthejointpositionsattime perturbstheCenterof
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Parameter Value
Table4.5:ParametersoftheTriangle/Squarewavefunctionforgeneratingthelinearapproximate
trajectoryoftherightkneejoint.
Gravity(COG)oftherobot,andresultsintherobotloosingitsbalance.Toovercomethis,joint
trajectoriesaremodiﬁedtocrescendotofulintensityveryslowly,usingthefolowingstabilization
ﬁlter:
if
otherwise
where isthestabilizationperiodparameter.
Parameter deﬁnestheperiod,startingfromtime ,duringwhichthejointtrajectory
linearlyincreaseinintensity,startingfromtheinitialjointpositionof .Filteredjointtrajectories
oftherightlimbjointsareasshowninFigure4.13.Inthisexperiment,stabilizationperiodforal
thejointcontrolersaresetto ,whichisdeterminedempiricaly.
Stabilizedlinearjointtrajectories,whicharepre-generated,areevaluatedonthesimulated
robot,and oftheevaluationsresultsinastablebipedalwalkinggait.Thehip,kneeandankle
joints,alstarttooscilateslowly,whileincreasinginintensityateverytimestep( ).At
around ,therobotstartstotaketheﬁrstcoupleofverysmalstepsbackwards,asthe
torsogradualyleansforwardatthesametime.Thenataround ,therobottakesabig
stepforward,compensatingfortheforwardlean,andwithinthenexttwo-to-threesteps,therobot
stabilizesitsbalance,andentersintoarhythmiccycle.Then,therobotcontinuestowalkina
stablegait,atanaveragewalkingspeedof ,untiltheendoftheevaluation(aperiodof
).ScreencaptureofonegaitcycleofthestablegaitisasshowninFigure4.141.
Inthefailedevaluations( ),therobotdoesusualylooseitsbalanceataround ,as
ittriestoenterastablegaitcycle.Althoughthereferencejointtrajectoriesarethesameforalthe
1Videoat:
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Figure4.13:JointtrajectoriesgeneratedbyTriangle/Squaremodel,crescendotofulintensity,starting
from .
Figure4.14:Screencaptureofonegaitcycleduringstablebipedalgait,startingfromtop-leftandending
atbotom-right,onerowatatime.
evaluations,therobotfailstoenterastablegaitcycleoninstancesbecauseofthestochasticity
modeledinthesimulationenvironment,combinedwiththefactthatthelineartrajectoriesare
onlyanapproximateoftheoriginal.
4.3 LearningparametersthroughGA
Thenaturalnextstepinthisresearchistoevaluatethiscontrolerbylearningagaitthrough
amodel-freebotom-upapproach,withminimumtonomodelingatal.Theobjectiveisto
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optimizecontrolparametersforgeneratingstablebipedalgaitonthesimulatedHOAP-3robot,
withasminimummodelingoftherobotaspossible.EvolutionaryAlgorithm(EA)isusedfor
optimizingthecontrolparameters,whereinspeedoflocomotionisusedastheﬁtnessfunction.
TheHOAP-3robothastwenty-eightjointsintotal,ofwhich,onlytenjoints,thatarerelevant
forlocomotion,arecontroled,whiletherestofthejointsaremaintainedataconstantdefault
position.
Toproduceameaningfulgait, ,theperiodparameter,hastobeacommonvalueforal
thejoints,althoughneedingtobeoptimized.Consideringthis,thetotalnumberofparameters,
includingone parameterperjoint,thatneedstobeoptimizedwouldbe acommon
parameter parameters,makingitasearchproblemina131dimensionalspace.To
reducethedimensionofthesearchspace,thefolowingconstraintsareapplied,
Inbipedalwalkinggait,thereexistssymmetrybetweenrespectivejointsofthetwolegs,
suchthat ,and , ,where
. Thatis,atanypointintime,
jointanglesofrespectiveleftandrightlegjointsareoppositeofeachother,alongwith
anapproximatephase-diferenceof betweenthem.Bytakingadvantageofthis,
dimensionofthesearchspacecanbereducedbyafactorof2,from131dimensions,
downto66dimensions,bymodelingjointtrajectoriesofalthejointsofoneleg,basedon
therespectivejointtrajectoriesoftheotherleg.
Inbipedalwalkinggait,therealsoexistsasymmetrybetweentheshapesofhip-roland
ankle-roljointtrajectoriesofeachleg,varyingonlyinamplitude.Thisfeaturecanbe
usedtofurtherreducethesearchspace,bymodelingtheankle-roljointoverthehip-rol
joint,suchthattheonlyparametersneededtobeoptimizedfortheankle-roljointarethe
amplitudeparameters and ,furtherreducingthedimensionofthesearchspace
from66dimensionsdownto55dimensions.
BasedonthekinematicmodeloftheHOAP-3robot,rangeofsomecontrolparameters
suchasamplitudeandofset,andthatofthe parameterarereduced,resultingin
narowingthewidthofthesearchspace.Controlparametersareoptimizedintherange
aspresentedinTable4.6.
ControlparametersareoptimizedthroughGeneticAlgorithm(GA),implementationdetailsof
whichispresentedinthenextchapter,insubsection5.3.1,page125.Table4.7containsGA
parametersemployedforevolvingthegait.
Figure4.15plotsﬁtnessvalueofthebestcandidateandaverageﬁtnessofthepopulationat
theendofeachgeneration.Attheendoftheevolution,theoptimizedcontrolerisabletoproduce
averystablebipedalwalkinggait,withasuccessrateof ,andatanaveragelocomotion
speedof ,comparedtotheaveragelocomotionspeedof achievedwiththe
modeledcontroler.Theevolvedgaithasalowperiodof .Therobottakessmalbut
quicksteps,barelyliftingitsfeetoftheground,whichensuresstability,whilethelowperiod
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Parameters Minimum Maximum
Table4.6:Rangeofcontrolparametersusedwhileoptimization.
Parameters Value
Populationsize 200
Genomesize 55
Evaluationperiod
Evolutionlength 23generations
Crossoverrate
Elitepopulationsize
Mutationrate Sizeofgenome
Table4.7:GAparametervaluesusedforevolution.
valueresultinfasterwalkinggait.Averagesteplengthoftheevolvedgaitis withaSDof
,whiletheaveragesteplengthofthemodeledgaitis withaSDof .
4.4 Discussion
Here,theobjectiveistodevelopalinearperiodicfunctionthatisfeature-based,relativelysimple
andthatcanproduceawiderangeoftrajectoriesforlocomotion.Asaﬁrststep,validityof
thiscontrolmodelistestedbycreatinganapproximateofapreviouslyknownstabletrajectory.
COGoftherobotisnotexplicitlyconsideredwhilemodelingtheapproximatetrajectories,but
isimplicitsincethereferencetrajectoriesaremodeledbasedonthisconsideration. Al13
parameters,ofeachtrajectorygenerator,arehand-tunedtomodeltherespectivereference
trajectoryascloseaspossible,butaleastsquaresmethodcanbeusedasanalternateas
wel.Thehand-tunedcontrolerisabletoproduceastablebipedalwalkinggaitonthesimulated
HOAP-3robot,validatingtheviabilityofthedevelopedcontroler.
Then,asasecondstep,controlparametersarelearntinabotom-upapproach,basedonly
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Figure4.15:Graphshowingtheﬁtnessvalueofbestindividualandaverageﬁtnessvalueofthepopulation
duringevolution.
onthestabilityandspeedoftheresultinggait.GAisusedforoptimizingcontrolparameters,
duringwhich,candidatecontrolersresultingintherobotfalingoveratanypointduringthe
evaluation,aregiveaﬁtnessvalueof0.Thisresultsinexertingselectivepressuretowards
candidatesolutionsthatdonotfalover,albeitmovingverylitleduringtheearlypartofthe
evolution.Also,theﬁrstgenerationofevolutionispopulatedwithrandomlyinitializedcandidate
controlerswhoseﬁtnessisabovethethresholdof ,whichdisqualiﬁesalcandidate
solutionsresultingintherobotfalingoverduringevaluation.Attheend,theevolutionprocessis
abletoproduceagaitthatisverystable,withasuccessrateof ,andalmost faster
thanthegaitproducedbythetrajectoriesbasedonthecart-tablemethod,furthervalidatingthe
viabilityofthedevelopedcontroler.
Theproposedmodelcanalsobeusedasanonlinecontrolerforproducinggaits,bothin
humanoidsandotherleggedrobots.Itcanalsobeusedasalower-levelcontrolerwithinalarger
framework,whereinanotherhigher-levelcontrolerwouldmodulatethelower-levelcontrolers’
parameters,basedonsensoryinputsformaintainingbalance,avoidingobstacles,etc.Since
theproposedmodelisfeature-based,dependingonthecomplexityoftherobotand/orthegait,
certainfeaturesoftheperiodicfunctioncaneitherbeturnedof,orkeptataconstant,and
therebyreducingthenumberofparametersthatneedstobetuned.Bycompromisingthefeature
thatdictatestheasymmetryfactorbetweentheupperandthelowerhalfofatrajectory,tunable
parameterscountperjointcanbedroppedfrom14downto10parameters.
Inthisprimaryversionofthedevelopedcontroler,althoughthereferencetrajectoriespro-
ducedarestrictlylinear,theactualtrajectorygeneratedbythejointactuatorsduringwalking,
arenonlinear.Figure4.16containsreferenceandactuatorjointrajectoriesoftheleftkneejoint,
recordedwhileevaluatingthemodeledlinearapproximatesofthecart-tablemethodbasedjoint
trajectories.
Themainobjectiveofhereisnotonlytodevelopamethodforgeneratingsimpliﬁedmodels
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Figure4.16:Referenceandactuatorjointtrajectoriesoftheleftkneejoint,duringevaluation.
ofpreexistinggaits,buttocreateaframeworkthroughwhich,stablegaitscanbelearntfrom
scratch,needingminimummodelingoftherobot.Usingthedevelopedcontroler,ithasbeenable
tobeproventhatastablebipedalwalkinggaitcanbelearnedthroughamodel-freebotom-up
approach.
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Summaryofthechapter
Inthischapter,afeature-basedlinearperiodfunctionforproducingawidevarietyofjoint
trajectoriesforlocomotion,ispresented.Thefeature-basedlinearperiodfunctionisdeveloped
incrementalybyﬁrstcombiningasawtoothwaveandareversesawtoothwavefunctionto
produceatrianglewave.Symmetryofthetrianglewaveisdeterminedbasedontheproportions
ofthesawtoothandthereversesawtoothwavescombined.Asymmetrybetweenthetwohalves
ofthewaveisintroducedbycombiningtwoasymmetrictrianglewaves,suchthatthetwohalves
canbemodeledindependentofeachother.Duty-cyclefeatureisintroducetothisfunction,
suchthatthewidthofthewave,withinacycle,canbemodulated.Next,skewnessfeatureis
added,suchthatthepositionofawidth-modulatedwave,withingacycle,canbemodulated.
Finalysquarenessfeatureisadded,whichdetermines’howsquarish’versus’howtriangular’
thegeneratedwaveis.Withthesefeatures,bytuningtheparameters,thedevelopedperiodic
functioncangenerateawidevarietyorwaveforms,including(virtualy)puresawtooth,reverse
sawtooth,triangleandsquarewaves.
Jointtrajectoriesofapreviouslyprovenstablebipedalgait,whichisdevelopedbasedon
thecart-tablemethod,istakenasreference,andlinearapproximatesof10diferencejoint
trajectoriesaremodeled.ModeledlinearapproximatesareevaluatedonthesimulatedHOAP-3
robot,whichresultsinawalkinggaitthathasasuccessrateof ,atanaveragespeedof
,andtherebyvalidatingtheviabilityofthedevelopedcontrolmodel.
Next,astablewalkinggaitisevolvedfromscratchonthesimulatedHOAP-3humanoid,by
optimizingcontrolerparametersthroughEA.Somekinematicaspectsoftherobotistaking
intoconsideration,resultingreducingsizeoftheparametersdimension,andinturnthesizeof
thesearchspace.Theevolvedgaitisstableandfast,withasuccessrateof ,andatan
averagespeedof .
CHAPTER5
LocomotionthroughEmbodiedEvolution
Introduction
Inthechapter3,page45,avarietyoflocomotioncontrolersforModularRobot(MR)sare
presented,andinthepreviouschapter,acomplexlineartrajectorygenerator,asalocomotion
controlerforhumanoidrobotispresented.Inboththesechapters,gaitsareevolvedand
evaluatedonmodularroboticconﬁgurations,andonahumanoidrobotrespectively,insimulation
environment.Performingevolutioninasimulationenvironmenthassomeobviousadvantages,
suchas:
Fitnesscalculation,byevaluatingperformanceforacandidatesolution,isstraightforward
insimulation.
Sensorydatainsimulationiscleanandaccurate,whilenoisyanddirtyinthereal-world.
Itisfaster,easierandcheapertoconstructarobotmodelinsimulation,thanitisto
constructarealrobot.
Evolutioncanbeacceleratedbymulti-threadinginsimulation,whichisnotpossibletodo
sointhereal-world.
Unlikerealrobots,simulatedrobotsdonotwearout,overheat,breakdownorrunoutof
batery.
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Onceevolvedinsimulation,theoptimizedcontrolercanbetransferedontoarealrobot.But
thereexistsarealitygapbetweenthesimulationenvironmentandthereal-world,asnotevery
aspectofthereal-worldcanbemodeledaccuratelyinsimulation.
Theobjectiveinthischapteristodevelopaframeworktoperformevolutioninthereal-world,
onaphysicalmodularroboticconﬁguration,whichiscaledEmbodiedEvolution(EE).Some
importantworkintheﬁeldofEEincludes[Watsonetal.,1999],[Ficicietal.,1999]and[Takaya
andArita,2003].Contributionsinthischapterinclude:
Constructingarealmodularroboticsconﬁguration.
Developing,bothhardwareandsoftware,forestimatingmodule’sactuatorpositions.
ImplementationofKalmanFilter(KF)foractuator’sstateestimation.
Developingavisionsystemforrobot’spositionestimation.
DevelopingacommunicationprotocolforcommunicationbetweentheMRandthehost
personalcomputer(PC).
ImplementationofaEA,asacombinationofGAandEvolutionaryStrategy(ES),whichis
usedthroughoutthisthesis.
Evolvingagaitonarealmodularroboticsconﬁguration.
5.1 Robothardware
Figure5.1showsthree-dimension(3D)printedY1robotmodules,developedbyDr.Juan
Gonzalez-Gomez[Gonzalez-Gomez,2008]aspartofhisdoctoralresearch,whichareused
forconstructingarealY-botmodularroboticconﬁguration,inthisthesis.TheY1platformis
modeledonDr.MarkYim’sPolyBotsystem[Yimetal.,2000].Y1moduleisdesignedtouse
Futaba3003servomotor,oranequivalentasitsactuator.CharacteristicsofaY1moduleisas
presentedinTable5.1.
Afour-moduleY-botconﬁguration(Figure5.2)isconstructedusingY1modulesforexper-
iments.The andthe modulesareconnectedtoeachotherusingnutsandbolts,
whilemodule and areconnectedtothe module,andtoeachother,
usingzap-straps.
5.1.1 Electronics
SkyMega(Figure5.3),anArduinocompatiblecontrolerboarddevelopedbyDr.JuanGonzalez-
Gomez1isusedforcontrolingY1modules.SkyMegacontainsa16MhzATMEGAmicrocontroler,
1htp:/www.iearobotics.com/wiki/index.php?title=SkyMega
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(a) (b)
Figure5.1:Y1modulesat(a)restpositionand(b) .
Characteristics Value
Dimension
Weight
Material PLAplastic
DegreeofFreedom(DOF)
Servo Futabas3003
Torque
Rotationvelocity
Rotationrange
Table5.1:CharacteristicsofY1modules.
Figure5.2:Y-botconﬁguration.
andisdesignedtoperfectlyﬁtoneithersideofaY1module(Figure5.4).Characteristicsofthe
controlerboardareaspresentedinTable5.2.
High-levelcontrolerofeachmoduleinamodularroboticconﬁguration,runsonaLinux
(Ubuntu14.04)desktop,whilelow-levelcontrolerforcontroling,aswelassensing,actuator
positionofmodulesareimplementedontheSkyMegacontrolerboard.Asingleboardcan
controluptofourmodulesinparalel.Duringtheexperiments,asinglecontrolerboardmounted
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Figure 5.3:SkyMega controler board with pin layout. Marked in red are ATMEGA microcontroler pings,
and marked in blue are Arduino equivalents. Source:
Figure 5.4:SkyMega board mounted on a Y1 module. Source:
on the modular robotic conﬁguration, is used for controling al the modules, and the board is
powered externaly.
Unlike several other high-end servomotors available of the shelf,Futaba S3003does not
feature a position sensor. So, a position sensor is developed by hacking the servomotor to
read its potentiometer values. By soldering a wire to the potentiometer of the servomotor, and
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Characteristics Value
Microcontroler ATMEGA16Mhz(Model:168)
Dimension
Inputports 4
Outputports 4to8
Inter-boardcommunication I2C
Powerinput
Table5.2:CharacteristicsoftheSkyMegacontrolerBoard.
connectingittotheanaloginputofthecontrolerboard,andbyusingtheinternalAnalogto
DigitalConverter(ADC)ofthemicrocontroler,positionoftheservomotorisestimated.
5.1.2 Regressionmodelforactuatorpositionestimation
Estimatingservomotorpositionbyreadingitspotentiometervaluerequiresmappingfromvolts
(potentiometer)spacetodegrees(servomotorposition)space.Sopotentiometervalueforevery
servomotorposition,ataresolutionofonedegree,ofsixdiferentservomotorsarecolected.
Thedataiscolectedbysweepingeachservomotorfrom to andfrom to ,over
severalsweeps,andrecordingthepotentiometervalueataresolutionofonedegree.The
colecteddataisasplotedinFigure5.5.
Figure5.5:Plotofservomotorpositionoverpotentiometervalue.
Thecolecteddatahasvariationbetweendiferentservomotors,aswelasvariationbased
ontheservomotorposition.Forexample,potentiometervaluerecordedatthepositionof
hasminimum,maximum,meanandstandarddeviation(SD)of65volts,72volts,69.33volts
and1.96voltsrespectively.Whileat ,minimum,maximum,meanandSDoftherecorded
potentiometerreadingsare196volts,212volts,206.23voltsand5.09voltsrespectively.SDof
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thepotentiometerreadingincreaselinearlywithrespecttotheservomotorpositionasplotedin
Figure5.6.Also,betweenservomotorpositions and ,potentiometerreadingshave
veryhighvariance.ThisisduetothedesignoftheY1module,whichrestrictsthetwohalvesof
themodule,connectedbyaservomotor,toswingfreelyathigherextremeends,duetofriction
betweenthemodule’shinge.
Figure5.6:PlotofSDinservopotentiometerreading,withrespecttoservoposition.
Tocorectlyestimateservopositionbasedonpotentiometervalue,alinearmodelisﬁtedto
thecolecteddata,byrunningthelinearregressionalgorithmoverthedata.Thelinearmodelis
afourthdegreepolynomial,andisoftheformEquation5.1.
(5.1)
where isthepotentiometervalue, isthepredictedservomotorpositionand arethe
learntweights.
Thelinearmodelistrainedbysplitingthedatasetintotrainingandtestsetsof and
respectively.Theabovemodelﬁtsthedataverywel,withatrainingcostof ,anda
costof onthetestdata.TheﬁtedlinearmodeltothedataisasshowninFigure5.7,and
theparametersofthelearntmodelisaspresentedinTable5.3.
5.1.3 Actuatorstateestimation
Usingthelinearmodel,giventhepotentiometervalueofamodule’sservomotor,positionof
themodule’sactuatorcanbeestimated.Applyingasimplesinusoidaloscilatortoamodule’s
actuator,andthenestimatingthemodule’spositionbysourcingit’spotentiometervalues,results
inanoisyestimateoftheactuator’sposition.AnexampleofthisisasshowninFigure5.8.
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Figure5.7:Plotofservomotorpositionoverpotentiometervalueandthelinearmodel.
Value
Table5.3:Parametersofthelearntlinearmodel.
Figure5.8:Plotofreferencepositionandnoisymeasurementsofamodule’sactuator.
Rawpositionestimation,basedonpotentiometervaluesﬁtedwiththelinearmodel,arevery
noisy,especialyathigheractuatorpositions.Thisisbecause,whenamoduleswingsdown
(i.e, ),itpressesdownonthegroundsurface,overcomingboth,thefrictionoftheground
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surface,aswelasthemassoftheconﬁguration.So,itconsumeshighenergyathigheractuator
positions,whichisreﬂectedinthesensorreadings.Tocorectlyestimatethetruepositionofa
module’sactuator,aKalmanFilter(KF)isimplementedforﬁlteringnoisysensordata.
5.1.3.i KalmanFilter
AKFisarecursivetwo-stepalgorithmusedforstateestimationbasedonnoisyobservations.
Thealgorithm,basedonpriorknowledgeofthesystemintheformofprocessmodeland
itsuncertainty,andnoisymeasurements,estimatesthetruevalueofthestateofthesystem.
Thetwo-stepprocessincludesthepredictionstep,wherethealgorithmpredictsthepossible
nextstateofthesystem,basedonastatetransitionmatrixandcontrolvariable,folowedby
acorectionstep,wherethealgorithmupdatesthestateanditsprocessmodel’suncertainty,
basedonthemostrecentobservationofthestatethrougha(possiblynoisy)measurement.The
algorithmisaspresentedbelow.
Prediction
1.Predictnextstate:
(5.2)
2.Predicterorcovariance:
(5.3)
Correction
1.ComputeKalmangain:
(5.4)
2.Update state estimate with new
measurement:
(5.5)
3.Updateerorcovariance:
(5.6)
Update
Predict
where,
:Estimatedstate
:Statetransitionmatrix
:Statevariancematrix(i.e,erorinestimation)
:Processvariancematrix(i.e,erorduetoprocess)
:Measurementvariable
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:Measurementmatrix(i.e,mappingmeasurementontostates)
:Kalmangain
:Measurementvariancematrix(i,e.erorfrommeasurement)
Subscripts indicatethecurenttimestep, indicatetheprevioustimestep,and
indicatetheintermediatetimestep.
ObjectiveofaKFistoestimatethestate givenmeasurement .Thetwo-
stepalgorithmcanbeseenas:(i)Prediction:Projectforward(intime)thecurentstateand
erorcovarianceestimatestoobtainaprioriestimatesforthenexttimestep,(i)Corection:
Incorporateanewmeasurementintotheaprioriestimatestoobtaintheupdatedaposteriori
estimates.
InEquation5.2andEquation5.3,stateestimateanderorcovarianceestimate,respectively,
ofthesystemareprojectedforwardintime(),giventheestimateoftheprevioustimeinstance
( ).
Inthecorectionstep,Kalmangain iscalculatedﬁrstinEquation5.4,folowedbyan
updatetothestateestimateinEquation5.5,incorporatingthelatestmeasurement ,andan
updateoftheerorcovarianceestimateinEquation5.6.
Inthestateestimatecorectionstep,theaposterioristateestimate iscalculatedasa
linearcombinationofanaprioriestimate andaweighteddiferencebetweentheactual
measurement andameasurementprediction .Here,thediference is
caledtheresidual,whichisthediscrepancybetweenthepredictedmeasurement and
theactualmeasurement .Aresidualofzeroindicatesthatthetwoareincompleteagreement.
Kalmangainiscalculatedsoastobalancethetrustbetweenmeasurementeror and
estimatederorcovariance .Thatis,asthemeasurementerorcovariance approaches
zero,theactualmeasurement istrustedmoreandmore,whilethepredictedmeasurement
istrustedlessandless.Ontheotherhand,astheaprioriestimateerorcovariance
approacheszero,thepredictedmeasurement istrustedmoreandmore,while
theactualmeasurement istrustedlessandless.
SinusoidalModelKF
Thecontrolerfortheactuator,whosepositionisestimated,issinusoidal,
(5.7)
anditsderivativeis,
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(5.8)
where istheamplitude, istheangularfrequency, isthephase, istheofsetand is
thefrequency.
Forestimatingpositionofanactuator,whichfolowsaroughlysinusoidaltrajectory,the
systemcanbemodeledasfolows,
were isthepositionoftheactuator,and istheconstantamplitudeofthesinusoidal
modeled.
Newstate attime canbemodeledas,
(5.9)
(5.10)
Thecontinuoustimestatetransitionmatrixis,
(5.11)
Thecontinuoustimeprocessnoisematrixis,
(5.12)
where isthescalarprocessnoise.
Thediscretetimestatetransitionmatrixwouldthenbe,
(5.13)
Givencontinuoustimestatetransitionandprocessnoisematrices and ,discretetime
processnoisematrixcanbecalculatedasfolows,
(5.14)
Therefore,discretetimeprocessnoisematrixwouldbe,
5.1. Robothardware 115
(5.15)
where , and istheprocessnoise.
Measurementvariable inthiscaseisthepositionestimatebasedonthevoltageofthe
potentiometeroftheservomotor,asexplainedinsubsection5.1.2,page109.Sincethelinear
modelusedforestimatingthepositionoftheservomotormapsfromvoltagespacetodegree
space,measurementmatrix wouldbe,
Inthiscase,measurementvariancematrix wouldbeascalarvalue ,thatmodelsthe
noiseofthesensorreading.Processnoise andmeasurementnoise areassumedtobe
independentofeachother,white,andfolowanormaldistribution.
Giventheabovemodel,randomvariables and initializedto and respectively,
anderorcovariancematrix andstateestimationvector for areinitializedasfolows,
Giventheabovemodelandtheinitializations,byrunningtheKFonnoisysensordata
(Figure5.8),amoreaccuratepositionestimateoftheactuatorisobtainedasshowninFigure5.9.
Figure5.9:Plotofreferenceposition,noisymeasurementsandKFbasedestimateofamodule’sactuator.
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5.2 Experimental setup
5.2.1 Vision system
In simulation, ﬁtness value of a candidate solution is calculated based on the positions of
the robot in the simulated world, prior to and after the evaluation. These positions are easily
sourced from the simulation engine. But in Embodied Evolution (EE), where ﬁtness value
evaluation of candidate solutions are to be performed on a real robot, a method for estimating
two-dimensional (2D) positions of the robot in the real-world, before and after the evaluation,
is needed. To achieve this, a two-dimension (2D) vision system, consisting a Red Green
Blue (RGB) webcam and a colored marker on the robot, is developed. TheEEsetup, which
includes the 2D vision system, is as shown in Figure 5.10.
Figure 5.10:EEarena, with the vision system, hostPCand the robot, where the gait is evolved on the
real robot.
The colored-marker placed on the robot is as shown in Figure 5.11. The color of the marker
is selected to be a speciﬁc shade of green, which is neither used in any part of the robot, nor in
theEEarena. The marker consists of three circular-components, placed in an isosceles triangle
arangement, such that the two equal sides measuring , the length of the base of the
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triangle. ,arethecentersofthethreecircular-components.
Figure5.11:Colored-marker
Theoverheadwebcamisplacedataknowndistanceof fromthegroundsurface,
basedonwhich,positionoftherobotinthe2Darenaiscalculatedintwoparts:(i)Byestimating
pixel-wisepositionoftherobotintheimagespace,byﬁrstdetectingthecolored-marker,and
thencalculatingitscentroid,and(i)bycalculating2Dpositionoftherobotinthereal-world,
givencameraintrinsicsandpixel-wisepositionoftherobotintheimagespace.
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5.2.1.i Markerdetection
Algorithmfordetectingthecolored-markerandcalculatingitscentroidintheimageplaneisas
folows,
Result:Detectcolored-markerandcalculateitscentroid
1Resetrobottodefaultstate;
2whileMarkercentroid notestimateddo
3 Getanewimagefromthewebcam;
4 ConvertimagefromRGBtoHueSaturationValue(HSV)space;
5 ApplyanHSVﬁlter,toﬁlterthecolorofinterest;
6 Findalconnectedcomponentsintheﬁlteredimage;
7 ifNo.ofconnectedcomponents 3then
8 continue
9 end
10 Calculatecenterpoints( )ofthethreelargestconnectedcomponents;
11 if and and then
12 Calculatemarkercentroid ;
13 break
14 else
15 continue
16 end
17end
Algorithm1:Visionbased,colored-markerdetectionandcentroidcalculationalgorithm.
Thealgorithmstartsbyﬁrstresetingactuatorsoftherobottodefaultstateof ,which
ensuresthatthecolored-markerplacedontherobotisparaleltotheimageplane,andclearly
visibletotheoverheadcamera.Then,acolorimageofthearena,withtherobotandthecolored-
marker,iscapturedandconvertedfromRGBtoHSVcolorspace.Theconvertedimageisthen
passedthroughaHSVﬁlter,toﬁlteroutalbuttheregionswithcolorofinterest.Theminimum
andmaximumvaluesofHue,SaturationandValuechannels,usedforﬁltering,areaspresented
inTable5.4.Intheresultingbinaryimage,containingblobsofpotentialmarkercomponents,
pixelsthatarenexttoeachotheraregroupedtogether,andboundingboxofeachsuchgroup
iscalculated.Iftherearefewerthanthreegroups,thenitwouldmeanthatthealgorithmhas
failedtodetectalthreecircular-componentsofthecolored-marker,andsoanewimageneeds
tobecapturedandreprocessed.Iftherearethreeormoregroups,thenbasedonthesizeof
theboundingbox,thethreebiggestgroupsareselectedandtheircenterpoints( )are
calculated.
Theratiobetweenthebaseofthetriangleshapedcolor-marker,andtheothertwosides
is .So,if arethecenterpointsofeachofthethreecircular-
componentsofthecolored-maker,thenitshouldsatisfythefolowingconstraints,
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(5.16)
(5.17)
(5.18)
Inthealgorithm, mightnotbecenterpointsofthecircular-components,butsome
pointoneachofthethreecircularcomponent.Sototestthis,thealgorithmchecksiftheabove
constraintssatisfy,butwithalargermarginasshowninline11.Iftheconstraintsdonotsatisfy,
thenanewimageneedstobecapturedandreprocessed.Ontheotherhand,iftheysatisfy,
thenthe(pixel-wise)positionoftherobotintheimagespaceiscalculatedasthecentroidofthe
colored-markerwithEquation5.19.Anexampleofdetectingthecolored-markerandestimating
its(pixel-wise)positionintheimagespaceisasshowninFigure5.12.
(5.19)
Channel Min. Max.
Hue
Saturation
Value
Table5.4:HSVﬁlterparameters.
Figure5.12:Colored-markerdetected,anditscentroidestimated.
120 Chapter5.LocomotionthroughEmbodiedEvolution
5.2.1.i Robotpositioncalculation
Intrinsicmatrixofacameraisdeﬁnedas,
(5.20)
where and arethefocallengthinpixels, and aretheopticalcenterinpixels,and
istheskewcoefﬁcientofthecamera.
Giventhecameraintrinsics ,knownconstantdistancebetweenthecamera’sopticalcenter
andthearena ,andthecentroidpixel ofthecolored-marker,
position oftherobotinthereal-worldcanbecalculated.In ,onlythe
ﬁrsttwocomponents and needstobecalculated,as isknown.Positionoftherobotis
determinedbyﬁrstcalculatingthevectorin thatpassesthroughtheopticalcenterandthe
pixel (Equation5.21),thencalculatingthecoefﬁcientbasedon (Equation5.22),andﬁnaly
calculating and of asshowninEquation5.23andEquation5.24respectively.
(5.21)
(5.22)
(5.23)
(5.24)
Giventhepositionsoftherobotbeforeandaftertheevaluation, and respectively,
distancetraveledbytherobotduringanevaluationcanthenbeeasilycalculatedas,
(5.25)
5.2.2 SerialCommunicationProtocol
Low-levelcontrolers,responsibleforbothdrivingamodule’sactuatortoadesiredposition,as
welasforestimatingamodule’sactuatorpositionbasedonitsservomotor’spotentiometer
value,residesontheArduinobasedSkymegacontrolerboard,whichison-boardtherobot.
High-levelcontrolerforgeneratingactuatortrajectories,aswelastheGAcode,runsona
5.2.Experimentalsetup 121
Linuxdesktopthatisof-boardtherobot.Communicationbetweentherobotandthedesktop
personalcomputer(PC)isachievedthroughwiredserialcommunication,byconnectingserial
communicationportoftheSkymegacontrolerboardtoaUniversalSerialBus(USB)portof
thedesktopPC.AUSBTTLSerialCable,whichisaUSB-to-Serialconverter,isusedforthis
purpose.Thesamesetupisalsousedforﬂashingﬁrmware—Moduleactuationandsensing
controlerprogram—ontoATMEGAmicrocontroleroftheSkymegaboard.
Atthelowestlevel,RS-232communicationprotocolisusedtotransmitbytesizeddata
bi-directionalybetweenthedesktopPCandSkymegaboard.Abaudrateof115200,8bit
dataand1stopbitarechosen.OntopofthisRS-232communicationprotocollayer,acustom
communicationprotocol,consistingmulti-ﬁeldmessageframes,fortransmitingapplication
speciﬁcdatabetweenthetwodevices,isdevelopedaspartofthisthesis.
5.2.2.i Messageframe
#
Metadata
! ID % Type Address TimeA - A - - A
Table5.5:Messageframesection1.
Data
$Data-Field Data-Field
D.Sf / D.Sf D.Sf / D.Sf
Table5.6:Messageframesection2.
Table5.5andTable5.6togetherformtheskeletonofasinglemessageframe.Eachmessage
framehastwosegments,MetadataandData,andeachsegmenthasseveralﬁeldsandsubﬁelds.
AmericanStandardCodeforInformationInterchange(ASCI)specialcharactersareusedas
beginandendtagsofsegments,ﬁeldsandsubﬁeldsinthemessageframe.Table5.7describes
althediferenttagsusedinthemessageframe.
Metadatasegmentofthemessageframecontainsdataabouteachmessageframe,such
asID,Type,AddressandTime,whileDatasegmentofthemessageframecontainstheactual
datathatiscommunicatedbetweenthedesktopPCandrobot.Adescriptionofaltheﬁeldsand
subﬁeldsinamessageframeisasprovidedinTable5.8.
ID
EachmessagehasauniquemessageID,whichisgeneratedbythesystem(PC/Skymega)that
createsthemessageframe.AnewmessageIDisgeneratedbymaintainingacounter,whichis
eitherinitializedto or (forPCorSkyMegarespectively),andincrementingthecounterby
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Tag Description
# Messageframebegin
$ Messageframeend
! MessageIDbegin
MessageIDend
% Messagetypebegin
Messagetypeend
Addressbegin
Addressend
- Addresssegregation
Timebegin
Timeend
Datasegmentbegin
Datasegmentend
Data-Fieldbegin
Data-Fieldend
/ Datasubﬁeldsegregation
Table5.7:Messageframetagsdescription.
everytimeanewmessageframeisgenerated.So,al messageframesgeneratedbythePC
wouldhaveeven-numberedmessageIDs,whilethosegeneratedbytheSkymegawouldhave
odd-numberedmessageIDs.
Type
Amessagecanbeoneofseveraldiferentmessagetypes,witheachmessagetypeidentiﬁed
withauniquemessagetypeID.Themessagetypeﬁeldhasunsignedchardatatype,sothe
deﬁnedmessageframearchitecturecansupportupto256diferentmessagetypes.Message
typesdevelopedinthisworkareasfolows,whicharealsosummarizedinTable5.9.
Actuatecommand:MessagesentfromPCtoSkyMega,containingaddressofamodule
andthedesiredpositionofthemodule’sactuator.Addressanddesiredpositionofeithera
singlemoduleorofmultiplemodulesissupported.
Positionrequest:MessagesentfromPCtoSkyMega,requestingcurentactuatorposition
ofoneormultiplemodules.
Position:MessagesentfromSkyMegatoPC,containingcurentactuatorpositionofone
ormultiplemodules.
Timerequest:MessagesentfromPCtoSkyMega,requestingthecurenton-boardtime.
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Field/Subﬁeld Datatype Segment Description
ID unsignedlong Metadata UniqueIDofthemessageframe
Type unsignedchar Metadata Typeofmessage
Address - Metadata Addressesofmodulesthemessageissentto/receivedfrom
A unsignedchar Metadata Uniqueaddressofamodule
Time unsignedlong Metadata Timeatwhichthemessageissent
Data-Field - Data Oneofndataﬁeldscontainingtheactualdata
D.Sf ﬂoat Data TwodatasubﬁeldswithineachdataﬁeldD.Sf signedint Data
Table5.8:Messageframedescription.
Time:MessagesentfromSkyMegatoPC,acknowledgingtimerequestmessagewith
curenton-boardtime.
Startpositionstream:MessagesentfromPCtoSkyMega,requestingtostartsending
positiondataofalconnectedmodulescontinuously.
Stoppositionstream:MessagesentfromPCtoSkyMega,requestingtostoppositiondata
stream.
TypeID Message Origin Destination
0 Actuatecommand PC SkyMega
1 Positionrequest PC SkyMega
2 Position SkyMega PC
3 Timerequest PC SkyMega
4 Time SkyMega PC
5 Startpositionstream PC SkyMega
6 Stoppositionstream PC SkyMega
Table5.9:Messagetypes
Address&Time
TheAddressﬁeldunderMetadatasectioncontainsaddressesofmodulesthemessageis
targetedat,oraddressesofthosemoduleswhoseinformationthemessageframecontains.
ThisﬁeldcontainsvaryingnumberofA subﬁeldswithin,eachofwhichinturncontainsunique
addressesofmodules.Thereisnoupper-limittothenumberofA subﬁeldstheAddressﬁeld
cancontain,butsincethedatatypeusedfortheA subﬁeldisunsignedchar,theAddress
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ﬁeldcannotcontainanymorethan256uniqueaddresses.EachA subﬁeldisseparatedusing
thespecialcharacter‘-’.ThisﬁeldisonlyusedformessagetypesActuatecommand,Position
requestandPosition,whileitisemptyforothermessagetypes.
TheTimeﬁeldholdstime,inmicroseconds,atwhichthemessageissent.Datatypeofthis
ﬁeldisunsignedlong,andsoevery minutes,thetimerelateddatarolsover.
Data
TheDatasectioncontainstheactualdatatransmited,andholdswithinitvaryingnumberof
Data-Field ﬁelds,eachofwhichcontainstwosubﬁeldsD.Sf andD.Sf within,whichareoftype
ﬂoatandsignedintegerrespectively.Thereisnoupper-limittothenumberofData-Field ﬁelds
theDatasectioncanhold,butlongertheDatasectionis,slowerthecommunication(intermsof
framespersecond)becomes.ThereasonforhavingtwosubﬁeldswithineachData-Field isto
accommodatetransmissionofdatawithdiferentdatatypes.Dataﬁeldsareusedformessage
typesActuatecommandandPosition,whileremainsemptyfortherestofthemessagetypes.
InmessagetypeActuatecommand,thesubﬁeldD.Sf containsthedesiredactuatorposition
ofamodule,whileD.Sf isunused.AmessageframeoftypeActuatecommandcancontain
desiredactuatorpositionsofmultiplemodules.Forexample,amessageframetransmiting
desiredactuatorpositionofthreediferentmoduleswouldcontainaddressofthethreemodules
separatelyinsubﬁeldsA,A andA,undertheAddressﬁeld,whilethedesiredpositionsof
eachofthethreemodulesarecodedwithinsubﬁeldsD.Sf ofﬁeldData-Field,Data-Field and
Data-Field respectively.
Similarly,inmessagetypePosition,sentfromSkymegatoPC,subﬁeldsD.Sf containsthe
estimatedpositionofamodule’sactuator,whilesubﬁeldsD.Sf containsthetimeatwhichthe
potentiometervalueoftherespectivemodule’sservomotorwasread.Thetimeinformationin
subﬁeldsD.Sf isrepresentedintermsoftimediferencebetweentimeatwhichthepotentiometer
valuewasreadandthetimeatwhichthemessageissent.EachData-Field ﬁeldcontains
informationaboutasingleuniquemodule,theaddressofwhichiscodedintherespectiveA
subﬁeld,undertheAddressﬁeld.
5.2.2.i Implementation
OnthePC,whichrunsthehigh-levelcontrolerandtheGAcode,anindependentthreadis
implementedforcontinuouscommunicationbetweentherobotandthePC.Thisthreadinturn
executestwosubroutinescontinuously.Onesubroutinelistenstotheincomingport(Rx)and
decodesalincomingmessageframes.Theothersubroutinechecksdesiredactuatorpositions
ofalthemodules,andpackagestogetherintoasinglemessageframe,valuesofthosemodules
whosedesiredpositions(asoutputedbythetrajectorygeneratorsubroutine)havebeenupdated,
andsendsoutthemessageframe.
OntheSkyMegacontrolerboard,twosubroutineareexecutedcontinuouslyaswel.One
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subroutinecontinuouslychecksforanyincomingdata,decodesreceivedframes,andservesthe
messageaccordingly.Thesecondsubroutinereadspotentiometerofalconnectedservomotors,
recordstimeofread,estimatesthemodule’spositionbasedonthevalueread,packagesalthe
dataintoasinglemessageframe,andsendsitout.Thesecondsubroutineisonlyexecutedif
theStreamﬂag(Abooleantypevariable)issettoTrue.ThisvariableissettoFalsebydefaultat
programinitialization,butcanbechangedtoTrueorFalsebysendingStartpositionstreamor
StoppositionstreammessagesfromthePC,respectively.
Withthisimplementation,andforaconﬁgurationwithfourmodules,timefromreading
potentiometervaluestosendingamessageframe,onaveragetakes .Soaposition
messagefrequencyof .Messageframeratevariesbasedonmessageframetype.
5.3 Evolvinglocomotion
ForevolvingastablegaitfortherealY-botmodularroboticconﬁgurationthroughEmbodied
Evolution(EE),Sinusoidalcontroler,asexplainedinsubsection3.2.1,page49,isused.Inthis
controlmodel,eachmodulesiscontroledindependentlybyEquation5.26,whereparameters
, and determineamplitude,ofsetandphase-shiftinoscilationofthe module’sinthe
conﬁguration.Relativediferenceinphase-shiftvalueamongmodulesdeterminetheemerged
gaitintheroboticconﬁguration,whilealthemodulesoscilatewithacommonfrequency .
(5.26)
,
where isthetotalnumberofmodulesintheconﬁguration,whichis4forthecaseofY-bot
conﬁguration, istheamplitude, isthefrequency, isthephaseand istheofsetofthe
oscilatorforthe moduleintheconﬁguration.
5.3.1 EvolutionaryAlgorithm(EA)
ForparameteroptimizationthroughEA,acombinationofGeneticAlgorithm(GA)andEvolution-
aryStrategy(ES)hasbeenimplemented.GAisaniterativeoptimizationtechniquebasedon
(i)biologicalprocessofnaturalselection,theprocessthatdrivesbiologicalevolution,and(i)
genetics.Eachparametertobeoptimizedisconsideredagene,andthevectorofparameters,a
genome.InGA,asetofrandomparametervectorsareinitialized,whichiscaledthepopulation.
Eachcandidatesolutionofthepopulationisevaluatedandassignedaﬁtnessvalue,basedon
someobjectivefunctionoftheoptimizationproblem.Then,candidatesarerankedandselected
basedontheirﬁtnessvalue.Bestperformingcandidatesolutionsofeachgenerationareselected
andrecombinedwitheachothertoproduceofspring(candidatesforthenextgeneration),which
arefurtherrandomlymutated. ES,ontheotherhand,skipstherecombinationpartofGA,
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butinsteadpopulatesthenextgenerationwiththebestsolutionsoftheprevioussolutionand
mutatedcopiesofthebestsolutions.
Aspartofthisthesis,anEAcombiningaspectsofGAandEShasbeendeveloped,inwhich
populationofthenextgenerationisgeneratedthefolowingway,
1.Evaluateeachindividualofthepopulationandassignaﬁtnessvalue.
2.Rankindividualsbasedontheirﬁtnessvalue(Equation5.27).
3.Caryforwardthetop (Elite)ofthebestperformingindividualsofthecurentgenera-
tion,tothenextgeneration.
4.Addtothenextgeneration,onemutatedcopyofeachEliteindividual.Mutationprobability
andmutationrangearetwicethannormalinthiscase.
5.Basedontheranking,stochasticalyselectindividualsamountingto ofthesizeof
thepopulation,usingroulete-wheelselectionmethod(subsubsection5.3.1.i,page126).
ExcludetheElitesfromthisselection.
6.CreateaparentpopulationbyaddingtheElitesandthestochasticalyselectedindividuals.
7.Generateofspringbycrossingparentsintheparentpopulationusingintermediate-
crossovermethod(subsubsection5.3.1.i,page127).Firstparentforeachcrossover
isselectedinanorderlymanner,whilethesecondparent(partner)isselectedstochasti-
calyfromtheparentpopulation.
8. Generatedofspringaremutatedstochasticaly.
5.3.1.i Roulete-wheelselection
Fitnessproportionselectionmethod,alsoknownasroulete-wheelselectionmethod,isamethod
ofselectingindividualsinapopulation,toformthematingpool(parentpopulation)forgenerating
ofspringofthenextgeneration.Inthismethod,eachindividualisassignedarank( ),which
isbasedontheproportionofitsﬁtnesstothetotalﬁtnessofthepopulation,andiscalculates
asshowninEquation5.27.Theranksarenormalized,andsumto .Individualsformingthe
matingpoolarethenselectedstochasticalyfromthepopulation,butwithaselectionprobability
of forselectingthe individual.Inthisway,individualswithhigherﬁtnesshavea
higherprobabilityofbeingselected,butindividualswithalowﬁtnessvaluestilhaveachanceof
beingselected,butwithalowerprobability.Thisensuresmaintainingvariationinthepopulation,
which,tosomeextentavoidsgetingstuckinalocalmaximum.
(5.27)
,
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where istheﬁtnessvalueofthe individualinthepopulation,and isthepopulation
size.
5.3.1.i Intermediaterecombination
IntermediaterecombinationisaGAmethodforcombininggenomesoftwoparentstoproduce
anofspring,wheregenesoftheproducedofspringliesomewhereinbetweenoraroundthose
oftheparents.Thismethodisonlyapplicabletogenomescontainingreal-valuedgenes,andan
ofspringisproducedasshowninEquation5.28
(5.28)
,
where , and referstotheofspringandthetwoparentgenomesrespectively, isthe
geneinthegenomeofsize , isthescalingfactor,and ischosenat
randomuniformlyforeachgene.
Parameter determineshowfarfromthevicinityofeitherofthetwoparents,inthegenome
space,thegeneratedofspringmightfal.If ,thentheproducedofspringwouldlieinthe
regionspannedbythetwoparents,anditiscaledstandardintermediaterecombination.A
valueof increasestheboundarybeyondtheregionspannedbytheparents,inwhichthe
ofspringmightfal(Figure5.13).Inthecaseofstandardrecombination,sincenotalgenesof
thegeneratedofspringlieontheborderofthepossiblearea,thisareashrinksovergenerations,
whichinturnlimitstherange(variation)ofnewlycreatedofspring.Inthisthesis,avalueof
ischosen,whichensures(statisticaly)thattheavailableareafortheofspringissame
astheareaspannedbytheparents.
5.3.2 Evolution
ForperformingevolutionontherealY-botmodularroboticconﬁguration,therobotisplacedin
thearena,connectedtotwocables.Oneofwhichisa2-pinpowersupplycable,connecting
theSkyMegaboardtoapowersupplyunit,whichpowersboththecontrolerboard,aswelas
servomotorsofconnectedmodules.Theotherisa4-pinserialcommunicationcable,connecting
SkyMegaboardontherobot,tothedesktoppersonalcomputer(PC).High-levelcontrolerfor
generatingactuatortrajectoryofmodules,aswelasEAcoderunsonthedesktopPC,whilethe
low-levelcontrolerforcontrolingandsensingactuatorpositions,resideon-boardtherobot.
FortheY-botmodularroboticconﬁguration,controlparameterstobeoptimizedforevolving
astablegaitconsistsoffouramplitudeparameters and ,
fourofsetparameters and ,fourphase-shiftparameters
and ,andacommonfrequencyparameter,totalingto13
independentparameters.Startingfromarandomlyinitializedsetof20candidatesolutions,
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Figure 5.13:Region, in genome space, spanned by parent and ofspring genome withd≥0.
where each solution is a vector of 13 parameters, each candidate solution is evaluated on the
real robot for a period onτ= 25s. At the end of the evaluation, ﬁtness of the candidate solution
is calculated as distance traveled by the robot, over the period of evaluation. Distance traveled is
calculated with Equation 5.25, as the euclidean distance between start and the end positions of
the robot, which are determined by the vision system as explained in subsection 5.2.1, page
116.
For the case of Embodied Evolution (EE), parameter range for optimization is set to a smaler
range compared to simulation based evolution. Parameter range set forEEis as shown in
Table 5.10. Reasons for the reduced range are: (i) to ensure stability of the gait and to avoid
the robot ﬂipping over during evolution, (i) to avoid mechanical damage and over heating of
module’s servomotor.
Evolution process starts with the robot placed at the center of the arena, and then each
candidate solution of the ﬁrst generation is evaluated one at a time. Before each candidate
solution is evaluated, the robot is ﬁrst reset to its default state (i.e,θi=0◦,∀i∈{1,···, M}).
Then, position of the robot in the arena before the evaluation —r(b)= x(b) y(b) h (i.e,
xandyposition of the robot in the two-dimensional (2D) plane) — is determined based on
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Parameter Min. Max.
Table5.10:RangeofsinusoidalcontrolerparametersforEE.
thecolored-markerontherobot.Afterthesetwosteps,controlsignalforalthemodulesin
theconﬁgurationaregeneratedusingEquation5.26,withgenomeoftheevaluatedcandidate
solutionascontrolparameters,for ,with and .Attheendofthe
evaluation,therobotisonceagainresettoitsdefaultstate,anditspositioninthearenaafter
theevaluation— —isdetermined.Basedon and ,euclidean
distance (Equation5.25)traveledbytherobotduringevaluationiscalculated,andaﬁtness
value,ascalculatedwithEquation5.29,isassignedtotheevaluatedcandidatesolution.
(5.29)
Similarly,eachcandidatesolutionofthepopulationisevaluatedandassignedaﬁtness
valuebasedonitsperformance.FieldofView(FOV)oftheoverheadcameraspansanareaof
,sothecolored-markerontherobothastobewithinthisarea,beforeandaftereach
evaluation.TheEAframeworkdevelopedinthisworkfacilitatespausingevolutionduringand
inbetweenevaluations.Thisisnecessarytomovetherobotbacktothecenterofthearena,
ifandwhentherobotmovesoutofthearenaduringanevaluation,orendsupclosetothe
borderofthearenaattheendofanevaluation.Theusercanpausetheevaluationthrough
akeyboardinterupt,thenmanualymovetherobotbacktothecenterofthearena,andthen
resumeevolutionthroughanotherkeyboardinterupt.Inthosecaseswhentherobotmovesout
ofthearenaduringanevaluation,theusercanpausetheevolution,movetherobotbackto
thecenterofthearena,resumetheevolutionandthenre-evaluatetheinteruptedcandidate
solutionafresh.ThedevelopedEAframeworkfacilitatesgoingbacktoanypreviouslyevaluated
candidateofthecurentgeneration,forre-evaluatingit.Similarly,itisalsopossibletoskipover
evaluatingcandidatesolutions,inwhichcase,aﬁtnessvalueof isassignedtosuchcandidates.
Aftercompletingeachevaluation,stateoftheevolution,includingalEAparametervalues
assigned,candidatesofalthepopulationsgeneratedsofar,andtheirrespectiveﬁtnessvalues,
arealsavedinadataﬁleonthedesktopPCrunningtheEA.Functionalitytoresumeevolution
fromthelastknownstateoftheevolution,giventhesaveddataﬁleasinput,hasalsobeen
developedinthisEAframework.Thisensurethattimeandefortarenotlostifevolutioncrashes
foranyreason.Also,whenevolvingwithalargepopulationsizeand/orwithalongevaluation
period,whichwouldresultinevolutionrunningoverseveralhoursordays,itmakesitpossibleto
runtheevolutionprocessinmultiplesessions.
Oncetherobotisplacedinthearena,connectedtoapowersourceandhostPC,andthe
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evolutionprocessisstartedbytheuser,restoftheEEsubsystemssuchascandidatesolution
evaluation,robotpositionestimation,ﬁtnessvaluecalculationandresetingstateoftherobot,are
alperformedautonomously,withoutneedinghumanintervention.Butoncetherobotgoesclose
toorbeyondtheFOVboundaryofthearena,theuserneedtointervenetoreplacetherobotback
tothecenterofthearena.So,thedevelopedEEframeworkcanbecaledassemi-automated.
FitnessgraphofgaitevolutionontheY-botconﬁgurationisasshowninFigure5.14.The
gaitisevolvedfor15generations,andevolutiontakesclosetosevenhourstocomplete.Rest
oftheparametersoftheEvolutionaryAlgorithm(EA)usedforevolvingthegaitareasprovided
inTable5.11.Noneofthecandidatesolutionswereskippedoverduringevolution,andaround
15candidatessolutionswerere-evaluatedduetotherobotcrossingovertheboundaryduring
evaluation.Evaluationoftheinitialfewgenerationswasmuchfastthanlatergenerations,asmany
individualsinthelatergenerationsmovedclosetotheboundaryattheendingoftheevaluation,
leadingtooperatorintervention,andinturnleadingtolongerperiodsofintervalsbetween
evaluations.AvideosummarizingEEprocessforevolvinggaitontheY-botconﬁgurationis
availableonhttps://youtu.be/Qzy9vm9NSW4.
Figure5.14:Graphshowingﬁtnessvalueofbestindividualandaverageﬁtnessvalueofthepopulation
duringEE.
5.3.3 Evaluation
ModulesintheY-botconﬁguration,whenevaluatedwiththebestevolvedcontroleroftheﬁnal
generation,oscilateinthefolowingrange,
:
:
:
5.3.Evolvinglocomotion 131
Parameters Value
Populationsize 20
Genomesize 13
Evaluationperiod
Evolutionlength 15generations
Crossoverrate
Elitepopulationsize
Mutationrate Sizeofgenome
Mutationrange
Table5.11:EAparametervaluesusedforEE.
:
EvolvedcontrolparametersareaspresentedinTable5.12.TheproducedgaitinY-bot
isverysimilartothegaitthatemergeinthesimulatedversionofthisconﬁguration.Inthe
emergedgait,modules and oscilateinphasefootnote3,whilethereexists
aphase-diferenceof betweenthe modulesandthe module,anda
phase-diferenceof betweenthe moduleandthe module.Thisphase-
relationamongmodulesresultinthetypicalcaterpilargait,propelingtherobotinthedirectionof
the module.In10evaluationson each,averagespeedoflocomotionachievedwiththis
controleris ,withastandarddeviation(SD)of .Thisissigniﬁcantlyslower
thanthespeedachievedbythesimulatedversionofthisconﬁgurationwiththesamecontroler.
Reasonsforreducedperformanceinclude:(i)therangeofcontrolparameterssetforEmbodied
Evolution(EE)aremuchnarowercomparedtosimulatedevolution,(i)surfaceofthearena,on
whichtherobotcrawls,haslowerfrictioncomparedtosimulation,resultinginslippagewhenthe
robottriestomove,and(ii)reducedpopulationsizeandgenerationofevolution,comparedto
simulatedevolution.
Parameter Module
Table5.12:SinusoidalcontrolerparametersofthebestperformingindividualforY-botconﬁguration,
optimizedthroughEE.
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Summary of the chapter
In this chapter a framework for evolving locomotion on a physical modular robotic configuration
in real-world is presented. A real Y-bot configuration is constructed using Y1 robot modules,
which are fabricated and assembled as part of this thesis. A SkyMega controller board is used
on-board the robot, for low-level control. Servomotors of the modules in the configuration are
hacked to read potentiometer values, which are used for estimating actuator position. A linear
model is fitted to potentiometer data, through linear regression, for estimating actuator position.
A Kalman Filter (KF) is implemented for module’s actuator state estimation, based on sinusoidal
model.
A two-dimension (2D) vision system is developed, as part of EE experiment setup. The
vision system consists of a Red Green Blue (RGB) webcam and a colored-marker attached to
the robot. An algorithm for detecting and estimating position of the colored-marker, in the image
space, is developed. Position of the robot in the two-dimensional (2D) plane is calculated based
on: (i) estimated pixel position of the marker, (ii) fixed distance between the webcam and the
target image-plane, and (iii) camera intrinsics.
A communication protocol for establishing communication between the host personal com-
puter (PC) — on which the high-level controller, and the Evolutionary Algorithm (EA) are im-
plemented — and the SkyMega controller board, which is on-board the robot, is developed.
This communication protocol is high-level and application specific, featuring two segments —
metadata and data — with multiple fields and subfields within.
An EA, combining features of Genetic Algorithm (GA) and Evolutionary Strategy (ES), is
implemented, using which, gait on a real Y-bot modular robotic configuration is evolved. The
evolved gait is stable but slower compared to the gait evolved in simulation, which is due to
constraints on controller parameters and EA hyper-parameters, and due to low friction of the
locomotion surface.
CHAPTER 6
Learning Locomotion
Introduction
In [Pfeifer and Bongard, 2006], the authors present three time-scale perspectives towards
building an intelligent agent: (i) “Here-and-Now”, (ii) Ontogenetic and (iii) Phylogenetic. The
“Here-and-Now” perspective refers to behavioral mechanism of an agent. The Ontogenetic
perspective refers to lifelong development of an agent, and the Phylogenetic perspective refers
to evolution over several generations. The “Here-and-Now” is the short-term perspective, where
the agent follows some set rules to react to stimuli. Ontogenetic is the intermediate to long-term
perspective, where the agent learns how to react to stimuli. Phylogenetic is the very long-term
perspective, where behaviors in an agent are evolved over several generations.
In this thesis so far, locomotion in Modular Robot (MR) and humanoid robot have been
approached from a Phylogenetic or very long-term perspective, where gaits are evolved in the
robot offline through EA. In this chapter, locomotion in MRs from a Ontogenetic perspective is
presented, where gaits in modular robotic configurations are learnt in an online fashion.
6.1 Introduction to Reinforcement Learning
Reinforcement Learning (RL) is an area under Machine Learning (ML) that focus on learning
optimal control policy (i.e, mapping situations to actions) by interacting with the environment,
so as to maximize cumulative reward. In Supervised Learning (SL),which is another and a
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more widely researched field in ML, a knowledgeable external-supervisor provides a set of
labeled training examples to the learning agent, based on which the agent should learn to predict
labels of previously unseen examples. Here, a training example can be seen as a situation
in the environment (state), and its label as an appropriate action, or a class of action, to this
situation. So, objective of the agent in SL is to learn to generalize previously unseen states of
the environment, without having the notion of reward. On the other hand, a RL agent is not
provided with a set of training data, instead learns how to react to situations, by interacting with
the environment and learning through trial-and-error. As a consequence of its action, a RL agent
is either rewarded or punished by the environment. So, the agent should in essence have the
ability to sense the state of the environment, and have a goal or goals related to the state of the
environment. A reinforcement signal, in the form of reward or punishment an agent receives, is
a numerical value provided by the environment as a consequence of its action. An action not
only influences the immediate reward, but the next state (input), and with that, all future rewards.
So, the objective of a learning agent is not to just learn an action that maximize its immediate
reward, but to learn actions that maximizes total reward it receives over a long run.
In RL, a policy is a mapping from perceived states of the environment to actions to be taken
by the agent when in that state. It defines the way an agent should behave to perceived states.
At each time step, the environment sends RL agent a single number as a reinforcement signal.
A high number indicates reward, where as a low or negative number indicates punishment.
The goal of a RL agent is to maximize total reward it receives over the long run. Rewards are
stochastic, and are based only on the current state and the action taken. An agent cannot alter
the source that generates this reward, but can only change its own action so as to get a different
reward, and with that maybe a different resulting state.
A reward signal can only indicates what is good in the immediate sense, but cannot tell what
is good in the long term. A value function, on the other hand, is the total reward an agent can
accumulate starting from that state. For example, a state might always result in a low reward
signal, but still have a high value function, if it is regularly followed by states that generate high
reward signals. The opposite could be true as well. Although the goal of an agent is to maximize
accumulated reward, the next action is chosen based on value function of states, and not their
expected reward, as this would result in maximizing future rewards. Reward signal of a state
can be easily obtained from the environment directly, but it is not so straightforward in the case
of value functions. It has to be estimated and re-estimated iteratively through observations the
agent makes over its lifetime.
In RL, a model of the environment is something that allows inference to be made about
how the environment would behave. It mimics the behavior of the environment, for example,
give a state and an action, the model could predict the resulting next state. A model of the
environment might not always be explicitly available, and it is something that the agent learns
implicitly through trial-and error. This kind of learning is called model-free learning, which is the
focus of this work.
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6.2 MarkovDecisionProcess(MDP)
From[SutonandBarto,1998],aMDPisatuple ,where isasetofstates,
with ; isasetofactions; isaprobabilitydistributionoverthenextsatesifaction
istakeninstate,andtherefore istheprobabilityoftransitioningfromstate tostate
whenaction istaken; istherewardtheagentreceiveswhenthesequence
occurs; isthediscountfactorthatbalancesouttheimportancebetweenimmediate
rewardversesfuturerewards;and isthedistributionovertheinitialstate . and ,
togetherconstitutethemodelofanMDP.
Atrajectoryisasequencesuchas ,wheretheinitialstate
,andeachstatefolowing isgeneratedbythestatetransitiondistribution suchthat,
.Eachaction inthetrajectoryisbasedonsomepolicy
thatmapseachstatetoanaction.Reward inthetrajectoryisnothingbut .
Foragivenpolicy ,valuefunction ofastate is,
(6.1)
whichistheexpectedsumofdiscountedrewardsofanagent,startingatstate andfolowing
policy fromthereon.Similarly,astate-actionvaluefunction ofastate-actionpairis
theexpectedsumofdiscountedrewardsofanagent,startingatstate,takingaction,and
thenfolowingpolicy fromthereon,
(6.2)
So,thegoalofsolvinganMDPisto,givenamodelofanMDP,ﬁndanoptimalpolicy( ),
thatmaximizestheexpectedcumulativediscountedrewardofalthestatesEquation6.3.
(6.3)
Thentheoptimalvaluefunctionwouldbe,
(6.4)
andtheoptimalstate-actionvaluefunctionwouldbe,
(6.5)
ItiswelknownthattheoptimalvaluefunctionsatisﬁestheBelmanOptimalityEquation:
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(6.6)
6.2.1 SolvingMarkovDecisionProcess(MDP)
GivenaperfectmodelofanMDP( and )withaﬁnitestatespace,optimalpoliciescanbe
computedinaiterativemanner,throughacontinuous2-stepprocessof(i)policyevaluation
and(i)policyimprovement.Inthepolicyevaluationstep,valuefunctionsofalorsomestates
areestimated,givenaﬁxedpolicy,andinthepolicyimprovementstep,thepreviouspolicyis
improvedbasedonthevaluesobtainedfromthepolicyevaluationstep.Anilustrationofthis
processisasshowninFigure6.1.
Figure6.1:PolicyIteration.Source:[SutonandBarto,1998]
6.2.1.i PolicyEvaluation
Asexplainedin[SutonandBarto,1998],thevaluefunction(Equation6.1)canbederived
recursivelyas:
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(6.7)
Thevectorformofwhichis,
(6.8)
where isavectorofstatevalues, isamatrixencodingtransition
probabilityofpolicy ,with , isavectorofrewards,and .
Sincethestatespaceisassumedtobeﬁnite,statevaluescanbecalculatedforalthestates
bysolving linearequations:
(6.9)
where istheidentitymatrix.
6.2.1.i PolicyImprovement
Basedonthecalculatedvalues ,apolicycanbeimprovedbyselectingtheactionthatis
“greedy”withrespecttotheexpectedreturn:
(6.10)
Incaseofmorethanonebestavailableactionforastate,tiesarebrokenbyselectingan
actionuniformlyrandomly,amongstthebestactionsforthestate.
6.2.2 PolicyIteration
Onceapolicy hasbeenimprovedusingstatevalues ,yieldingabeterpolicy ,new
statevalues canbecomputedbasedonthenewandimprovedpolicy ,leadingto
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evenbeterpolicy ,andsoon,untilanoptimalpolicy andoptimal(orclosetooptimal)
statevalues arefound.So,putingtogetherthepolicyevaluationEquation6.7andpolicy
improvementEquation6.10together,resultsinthepolicyiterationalgorithm,whichisasshown
inalgorithm2.
Result:Improvedpolicy
1Initialize and ,arbitrarily ;
2changed True;
3whilechangeddo
4 do
5 ;
6 for do
7 ;
8 ;
9 ;
10 end
11 while ;
12 for do
13 ;
14 end
15 changed ;
16 ;
17end
18 ;
Algorithm2:Policyiterationalgorithm
TheinputtothealgorithmisthemodeloftheMDP( and ),andparameter.Inline1
policyanditscorespondingstatevaluesareinitialized.Theinitialpolicycanbechosentobe
uniformlyrandomfrom ,whichisthesetofactionspossibleforstate,whiletheinitial
statevaluesaresetto .Policyevaluation(line4-line11)isitselfaniterativeprocess,whichis
executedforaslongasthelargestchangeinstatevalues( )isaboveacertainsetthresholdof
.Smalerthevalueof,moreaccuratetheestimatedstatevalueswouldbe,butatahigher
computationalcost.Itisnotnecessarytoestimatetheexactvalueofeachstate,foragiven
policy,beforeproceedingtopolicyimprovementstep(line13),aslongastheestimatedvalues
arecloseenoughtooptimalvalues.Also,itisimportanttonotethatpolicyevaluationstarts
withstatevalueestimatesofthepreviouspolicy,andresultsinquickconvergencetonewstate
values,astheydonotchangemuchfrompolicytopolicy.Thealgorithmendswhenthereisno
morechangeinpolicy(line15).
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6.2.3 ValueIteration
Oneofthedrawbacksofthepolicyiterationalgorithmis,thateachpolicyevaluationstepneeds
severalsweepsoverthestatespace,beforeproceedingtopolicyimprovement.Analternateto
thisistoupdatethepolicyaftereverysingle“BelmanBackup”(line8inalgorithm2),sothat
eachbackuphasaccesstothebestpossibleaction,ratherthanaﬁxedaction.Thisisrealized
byimplicitlycombiningEquation6.7andEquation6.10inEquation6.11.
(6.11)
Thevalueiterationalgorithmisaspresentedinalgorithm3.
Result:Improvedpolicy
1Initialize arbitrarily ;
2changed True;
3do
4 ;
5 for do
6 ;
7 ;
8 ;
9 ;
10 end
11while ;
12 ;
Algorithm3:Valueiterationalgorithm
6.3 TemporalDiferenceLearning
Inpracticaldomains,suchasinthecaseofthisthesisoflearninglocomotioninmodular
robots,modeloftheMarkovDecisionProcess(MDP)( and )isunknown,andrandom
accesstoarbitrarystatesinthestatespaceisnotavailableeither.Instead,thelearningagent
hastointeractwiththeenvironment,generatingtrajectories,andlearnfromthem.Temporal-
Diference(TD)learningisaReinforcementLearning(RL)technique,thatlearnsby(i)sampling
theenvironmentaccordingtosomepolicy,and(i)byapproximatingitscurentestimateofvalues
basedonpreviousestimates(whichisknownas“Bootstrapping”).Q-Learningisamodel-
freeTDlearningalgorithmforlearningoptimalpolicies.Themethodworksbyﬁrstlearning
state-actionvaluefunction ,andthenusingthesevaluestoconstructanoptimalpolicy.
State-actionvalueofastategivestheexpectedtotaldiscountedrewardtobeearnedbythe
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agent,bytakingaction fromstate,andthenfolowingtheoptimalpolicythereafter. With
learntstate-actionvalues,anoptimalpolicycanthenbeconstructedbysimplychoosingthe
actionwiththehighestvalueforeachstate.State-actionvalueupdateruleforQ-Learningis,
(6.12)
where isthelearningrate.TheaboveQ-Learningupdateruleworksbyassumingtheold
valueofastate-actionpair,andthenmakingthecorectionbasedonnewinformation.New
informationcomesaboutintheformofrewardandnewstate ,whenthelearningagenttakes
action fromstate.ThecompleteQ-Learningalgorithmisasshowninalgorithm4,
Result:Optimalpolicy
1Initialize arbitrarily and ;
2foreachepisodedo
3 Initializestate ;
4 repeat
5 Chooseaction fromstate ,usingapolicyderivedfromQ(e.g.:-greedy);
6 Takeaction ,observereward andtheresultingnextstate ;
7 ;
8 ;
9 untilendofepisode;
10end
11 greedyw.r.t ;
Algorithm4:Q-Learningalgorithm
Atrade-ofbetweenexplorationandexploitationisanimportantchalengeinRL.Toobtaina
lotofrewards,alearningagenthastoselectfromeachstate,apreviouslytriedactionwhich
hasthemaximumexpectedtotaldiscountedreward.Buttodiscoversuchactions,theagent
needstokeepexploringandtryoutpreviouslyunexploredactions. -greedyisonesuchmethod
inwhichtheagentschoosesthegreedyactionmostofthetime,withprobabilityof ,and
choosesanaction atuniformlyrandom,withprobability (Equation6.13).
withprobability
withprobability (6.13)
Theupdateruleofthealgorithm(line7)isbasedontheagentfolowinganoptimalpolicy
fromtheresultingstate onward(i.e, ).Butthisisnotnecessarilythecase,
becausethetruepolicyfolowedbytheagentisnotoptimalalthetime(e.g.: ).So,thiskind
oflearningiscaledof-policylearning,becausethepolicyfolowedbytheagentandtheone
usedbytheupdaterulearenotnecessarilythesameforeachupdate.
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6.4 LocomotionthroughQ-Learning
Consideringamodularroboticconﬁgurationasthelearningagent,forthepurposeoflearning
anoptimalgaitthroughRL,itisnecessarytoﬁrstdeﬁnethestatespace,actionspaceandthe
rewardfunction.
6.4.1 Statespace
InthecontextoflearninglocomotioninmodularrobotsthroughReinforcementLearning(RL),a
state canberepresentedasavector( )ofdiscreteactuatorpositionsofmodules
inaconﬁgurationwith modules.Thatis, ,where istheactuator
positionofthe moduleintheconﬁguration.Then ,thestatespaceofthemodel,wouldbe
alpossiblediscreteactuatorpositionsofalthemodulesintheconﬁguration.Forrepresentinga
state,actuatorpositionofamoduleisdiscretizedsuchthat ,withaconstant
step-size ,where and arethelowerandupperboundsofthemodule’sactuator.That
is, .So,each
moduleintheconﬁgurationcanbeinanyoneof (Equation6.14)distinctpositions,which
meanthatarobotwith modulescanbeinanyoneof possiblestates,whichisthe
sizeofthestatespace.
(6.14)
Amodule withactuatorposition ,canbecategorizedtoadiscretenon-cornerposition
,where ,if .Similarly,
module canbecategorizedtodiscretecornerpositions and ,if ,orif
respectively.
Forexample,if , and ,thenformodule ,
and .Now,ifmodule withactuatorposition ,then
moduleitwouldbediscretizedtostate ,orif ,thenitwoulddiscretizedto
state .
6.4.2 Actionspace
Eachaction canalsoberepresentedasavector( ),suchthat ,the
componentofthevector,istheactionforthe moduleintheconﬁguration.Forrepresenting
anaction,actionsarediscretizedsuchthateachactioncomponent canbeoneofthree
possiblevalues, .So,arobotwith moduleswouldhaveanactionspace
of actions.Vectorizedrepresentationofstatesandactionsfacilitateseasyformulation
ofstate-transitionsintheformofsimplevectoraddition,asshowninEquation6.15.
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(6.15)
where istheexpectednextstate,withsomeunknowntransitionprobability ,when
action istakenfromstate .
Consideranexamplecaseofatwo-moduleroboticconﬁguration,withmodules and .
Actionspace forthisrobotcanrepresentedinmatrixformas,
whereeachrowisadistinctaction ,andeachcolumnistheactionforthe mod-
uleintheconﬁguration.Iftherobotisinsomestate ,where
,takingaction forexample,wouldtransitiontherobotto
expectednextstate ,withsomeunknowntransition
probability .
Intheexamplecasewithtwomodules,sizeoftheactionspace actions,butnotal9
actionsareapplicableineachstate .Forexample,inthestate ,actions
where or areinvalid.Formalythiscanbedeﬁnedas,
if (6.16)
where ,isasetofalvalidactionsinstate.
6.4.3 State-actionspace
State-actionspacecanbedeﬁnedas, .Sizeofthestate-actionspace
wouldthenbe ,i.e,sumofactionspacesize,ofalthestate .
Forthecaseoftwo-moduleconﬁguration,state-actionpairscanbe,fromageometric
perspective,arangedintoasquarematrixas,
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... ... ... ... ... ... ... ... ...Q Q
Q Q
where , ,andeachelementofthematrix representsaunique
state-actionpair.Contiguoussub-matricesofsize withinthematrix(liketheonesenclosed
indotedcoloredboxesintheabovematrix),representstate-actionpairsofasinglestate,
whileeachelementwithinsuchasub-matrixrepresentauniqueaction.Forexample,inthe
abovematrix,elementswithintheyelowbox( )formasub-matrixofstate-actionpairsfor
state .Similarly,elementswithingthegreenbox( )constituteasub-matrix
ofstate-actionpairsforstate . So,thereare sub-matrices
( )withinsuchamatrix.Deﬁnitionofsomeoftheelementsofthismatrix
areasfolows,
,where and
,where and
,where and
,where and
,where and
,where and
Withthisrepresentationofstate-actionpairs,itisthenpossibletovisualizestate-transitions
asmovingfromonesub-matrixattime toanadjacentsub-matrixattime .If,forexample,
therobotisinstate —whichwouldbe fromthesub-matrixperspective
—andtakeaction (i.e, ),thentherobotwouldmostlikelytransitiontothestate
whosesub-matrixisone-steptotheright(i.e, ).Similarly,fromthesamestate,takingaction
(i.e, )wouldmostlikelytransitiontherobottothestatewhosesub-matrixis
one-stepbelowandone-steprighttothecurentsub-matrix(i.e, ).
144 Chapter6.LearningLocomotion
Giventhegeometricperspectiveofstate-transitions,invalidstate-actionsaretheonesthat
lieontheboundaryofthetwo-dimensional(2D)matrix.Thatis,
,whicharetheelementsmarkedinred,intheabovematrix.Totalnumberofinvalid
state-actionpairscanthenbecalculatedas,
(6.17)
Thatis, elementsoneachofthefouredgesofthe2Dmatrix,plusfourcorner
elements.
Forathree-moduleconﬁguration,state-actionpairscanberepresentedasathree-dimensional
(3D)matrix(acube).Invalidstate-actionpairswouldthenlieonthesurfaceofthecube,which
canbecalculatedas,
(6.18)
Thatis, elementsthatlieoneachofthesixsidesofthecube, elementson
the12edgesofthecube,plustheeightcornerelements.
Ingeneral,foraconﬁgurationwith modules,state-actionpairscanberepresentedas
aM-dimensionalhypercube.Invalidstate-actionpairswouldthenlieonthesurfaceofthis
M-dimensionalhypercube,whichcanbecalculatedas,
(6.19)
(6.20)
where referstothenumberof-dimensionalhypercubesontheboundaryofa -
dimensionalhypercube.
So,sizeofthestate-actionspace,givenstatespace ,actionspace ,andinvalidstate-
actionpairs,wouldsimplybe,
(6.21)
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6.4.4 Reward
Forlocomotionthroughevolution,whichhasbeenexploredinpreviouschaptersofthisthesis,
speedoflocomotionisusedastheobjectivefunctionforevaluatingindividualcandidatesolutions.
Locomotionspeediscalculatedastotaldistancetraveledbytherobot,overthetimeofevaluation.
Distancetravelediscalculatedastheeuclideandistancebetweenstartandendpositionofthe
robot,duringevaluation.IntermsofReinforcementLearning(RL),thiscanbeseenasreward
fromtheenvironmentattheendofthelearningperiod.ButforQ-learning,arewardsignal
fromtheenvironmentisneededateverystep(oratleasteveryfewsteps),forvalueiteration,
andsotheﬁnalspeedoflocomotioncannotbeusedasrewardsignalasitis.Evenifspeed
oflocomotioniscalculatedateverystepofthelearningperiod,asdistancetraveledoverthe
durationofthestep,thisquantitylacksasign,andsoarobotthatmovesoneunitforwardhas
thesamerewardwhenitmovesoneunitintheoppositedirection.Thiscouldleadtoapolicy
whichmakestherobotswaybackandforthrapidly,insteadofapolicythatmakestherobotmove
consistentlyinasingledirection.
Instead,velocityoflocomotionmakesforagoodrewardsignalforlearninglocomotion
throughRL.Given and ,globalpositionandorientationoftherobotbefore
takinganaction,and and ,globalpositionandorientationoftherobotafter
takingtheaction,velocityoftherobotinboth and axiscanthenbecalculatedas,
(6.22)
where isthevelocityvector, istherotationmatrix,
istheinverseoftheeuclideantransformationmatrix .
Velocityinthe -axis( )isusedforcalculatingrewardsignal,asthispertainstothevelocity
intheforward/backwarddirectionsoftherobot.Velocitycalculatedperstepoflearningisinthe
range .Reward basedonvelocity iscalculatedas,
(6.23)
whichincreasestherewardexponentialyforpositivevelocityvalues,whileboundingthe
rewardbetween when .
Whentherobotenteranexitstatebyﬂippingover,thentheactionleadingtotheexitstateis
penalizedbysetingreward .
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6.4.5 Algorithm
Finaly,forlearningthegaititself,anoptimalpolicythatmaximizesaccumulateddiscounted
rewardsislearntthroughQ-Learning.Therobotissetupinthesimulationenvironmentandit
folowsalgorithm5,whichisthestandardQ-Learningalgorithm,modiﬁedforthecaseoflearning
locomotioninmodularrobots.
Result:Optimalgaitintheformofpolicy
1Initialize ;
2 ;
3repeat
4 Initializestate toarandomstate ;
5 do
6 Chooseaction fromstate ,usingapolicy-greedy;
7 Takeaction ,andwaituntil or ;
8 Observereward ,resultingnextstate ,and ;
9 ifrobotuprightthen
10 a ;
11 ;
12 else
13 ;
14 end
15
16 whilerobotupright;
17untilendoflearningperiod ;
18 greedyw.r.t ;
Algorithm5:Q-LearningalgorithmforlearninglocomotioninModularRobot(MR).
Thealgorithmbeginsbyinitializingstate-actionvalues toapositivevalue.Thisis
anexplorationtechniquethatencouragestheagenttoexploreduringtheinitialstateoflearning.
Astheagenttriesanewstate-actionpair,updatingitsvalueandmovingitclosertowardsthe
truestate-actionvalue,unexploredstate-actionpairswithahigherinitialpositivevaluebecome
moreatractive,encouragingtheagenttoexplorepreviouslyexploredstates-actionpairs.The
learningalgorithmisexecutedforapredeﬁnedlearningperiod.Eachnewepisode(outerloop
ofthealgorithm)startsbysetingtherobottoarandominitialposition,chosenuniformlyrandom
fromthestatespace.
Ateachstepoflearning(innerloopofthealgorithm),theagentchoosesanactionfolowing -
greedypolicy,thenexecutesthechosenactionbysetingactuatorpositionsto .Aftersending
outtheactuatorcommands,actuatorpositionsoftherobotaresourceduntil:(i)althemodules
havereachedtheirrespectiveexpectednextposition(i.e, ),or
(i)until ,where isthetimesinceaction wastaken,and isapredeﬁnedtime-limit.
Afterexecutingtheaction,velocity,intheformofreward (Equation6.23),andtheresultingnext
state ,areobserved.Then,rolandpitchanglesoftherobotarecalculated,todetermineif
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therobotisinuprightposition,orifithasﬂipped-over.Iftherobotisinuprightposition,then
state-actionvalueofthecurentstate andactiontaken ,isupdatedasperthestandard
Q-Learningupdaterule(line10). Ontheotherhand,iftherobothasﬂipped-over,thenthe
resultingstate isconsideredtheexit-state,andstate-actionvalueisupdatedbasedonlyon
thenegativereward (line13).
6.5 LearningandEvaluation
GaitlearningthroughQ-LearningisperformedontheMinibot,Tripod,QuadropodandY-bot
modularroboticconﬁguration,inthesimulationenvironment.Resultinggaitineachcaseis
presentedinthefolowingsubsections.CommonQ-Learningparametersvaluesusedacrossal
theconﬁgurationsduringlearning,areaspresentedinTable6.1.
Parameter Value
Table6.1:Q-Learningparameters.
6.5.1 Minibot
Ashasbeenfolowedthroughoutthisthesis,learningalgorithmisﬁrstappliedonthetwo-module
Minibotconﬁguration.Thestate,actionandstate-actionspaceforthisconﬁgurationconsists49
states,9actionsand361state-actionpairs,respectively.Figure6.2acontainsaplotofaverage
reward( )receivedbytherobotduringtheﬁrst3000secondsofthelearningperiod,where
averagerewardiscalculatedasarunningaveragewithEquation6.24,andwithastep-size
parameter .Figure6.2bcontainsaplotoflocomotionspeedoftherobot,duringthe
learningperiod,whichiscalculatedaseuclideandistancetraveledbytherobot,overtimetake,
calculatedapproximatelyevery15seconds.Learningperiod issetto20,000seconds,but
ascouldbeobservedinthefolowinggraphs,afairlystablegaitemergedwithintheﬁrst1000
secondsoflearning,whichisapproximately12,800learningsteps.Duringtheinitialperiod,
thatis ,therobotﬂipsoverseveraltimeswhileexploringstate-actionspace,and
hencethehighvariationinaveragerewardvaluesduringthisperiod.Then,ataround ,
therobotfalsintoafairlystablegait.Thesamecanbeobservedinthelocomotionspeedgraph.
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(6.24)
(a)Averagereward (b)Locomotionspeed
Figure6.2:Averagerewardandlocomotionspeed,duringgaitlearningintheMinibotconﬁguration.
Thelearntgaitisevaluatedforaperiodof100seconds,byfolowingagreedypolicy
(Equation6.25).Averagereward(6.3a)andlocomotionspeed(6.3b)duringevaluationareas
plotedinFigure6.3,where,rangeof -axisofthetwographsarethesameastherespective
graphsduringlearning,whichareplotedinFigure6.2.Thelearntgaitisverystableand
consistent.Figure6.4containsreferencetrajectories,generatedbythelearntoptimalpolicy
( ),whileFigure6.5containsactuatortrajectoriesofMinibot modules,generatedduring
evaluation,byfolowingthereferencetrajectories.
folowingthelearntoptimalpolicygreedily,whileFigure6.5containsactuatortrajectoriesof
Minibotmodules,generatedbyfolowingreferencetrajectories.
(6.25)
Inthegeneratedgait,oscilationamplitude,ofset,rangeandfrequencyofHeadandTail
modulesareasprovidedinTable6.2.Modulesoscilatewithanegativephase-diferenceof
betweenthem,resultingintherobotmovinginthedirectionoftheTailmodule.The
reasonforthisisthewayinwhichtherobotissetupinthesimulationenvironment,resulting
inpositivevelocityinthedirectionoftheTailmodule. Bynegatingthecalculatedvelocity
as ,duringlearningperiod,therobotlearnstocrawlintheoppositedirection.
Locomotionspeedofthelearntgaitduringevaluationis .
6.5.LearningandEvaluation 149
(a)Averagereward (b)Locomotionspeed
Figure6.3:Averagerewardandlocomotionspeed,duringgaitevaluationintheMinibotconﬁguration.
Figure6.4:Referencetrajectoriesgeneratedbythelearntoptimalpolicy( +),intheMinibotconﬁguration.
6.5.2 Tripod
State,actionandstate-actionspacefortheTripodconﬁgurationconsistsof343states,27actions
and6,859state-actionpairs.Learningperiod issetto50,000seconds,andthelearntpolicyis
evaluatedforaperiodof100seconds,postlearning.Figure6.6containsactuatortrajectoriesof
Tripodmodulesduringevaluation.Oscilationamplitude,ofset,rangeandfrequencyofTripod
modulesduringevaluationareaspresentedinTable6.3.
Inthelearntgait,modulesoscilateatahighfrequency,butashorteroscilationrange.Mean
andstandarddeviation(SD)ofphase-diferencebetweenmodulesintheTripodconﬁguration,
duringevaluation,isaspresentedinTable6.4.Notwomodulesoscilateinphase,resultingin
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Figure6.5:ActuatortrajectoriesoftheMinibotmodules,duringlearntgaitevaluation.
Oscilation ModuleHead Tail
Amplitude
Ofset
Range
Frequency
Table6.2:OscilationcharacteristicsofMinibotmodules,folowingthelearntpolicy.
Figure6.6:ActuatortrajectoriesoftheTripodmodules,duringlearntgaitevaluation.
agaitthatmakestherobotmoveonacirculartrajectory.Butconsistencyinphase-diference
betweenmodules(Figure6.7)resultsintherobotmovingconsistentlyinthesamedirection.
Speedoflocomotion,whichiscalculatedbyintegratingvelocityvaluesinthe -axis,inthisgait
6.5.LearningandEvaluation 151
Oscilation Module
Amplitude
Ofset
Range
Frequency
Table6.3:OscilationcharacteristicsofTripodmodules,folowingthelearntpolicy.
is
TripodModules
Mean
SD
Mean
SD
Mean
SD
Table6.4:MeanandSDofphase-diferencebetweenmodulesintheTripodconﬁguration,folowingthe
learntpolicy.
Figure6.7:Phase-diferencebetweenal modulespairsintheTripodconﬁguration,folowingthelearnt
policy.
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6.5.3 Quadropod
State,actionandstate-actionspacefortheQuadropodconﬁgurationconsistsof2401states,
81actionsand130,321state-actionpairs.Learningperiod issetto100,000seconds,and
theresultinggaitisevaluatedforaperiodof100seconds,postlearning.Figure6.8contains
actuatortrajectoriesofQuadropodmodulesduringevaluation. Oscilationamplitude,ofset,
rangeandfrequencyofQuadropodmodulesduringevaluation,areaspresentedinTable6.5.
Figure6.8:ActuatortrajectoriesoftheQuadropodmodules,duringlearntgaitevaluation.
Oscilation Module
Amplitude
Ofset
Range
Frequency
Table6.5:OscilationcharacteristicsofQuadropodmodules,folowingthelearntpolicy.
Meanandstandarddeviation(SD)ofphase-diferencebetweenmodulesintheQuadropod
conﬁguration,duringevaluation,isaspresentedinTable6.6.Inthelearntgait,modulesoscilate
ataverylowfrequency,butalsowithconsistentphase-diferencebetweenoscilatingmodules
(Figure6.9),resultinginaconsistentgait.Modules and oscilateinphasefootnote3,but
thereexistsconsistentphase-diferencebetweenrestofthemodules.Thegaitemergedmakes
therobotmoveconsistentlyinthesamedirection,butonacirculartrajectory,asshownin
Figure6.10.Speedoflocomotioninthisgaitis .
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QuadropodModules
Mean
SD
Mean
SD
Mean
SD
Mean
SD
Table6.6:MeanandSDofphase-diferencebetweenmodulesintheQuadropodconﬁguration,folowing
thelearntpolicy.
Figure6.9:Phase-diferencebetweenal modulespairsintheQuadropodconﬁguration,folowingthe
learntpolicy.
6.5.4 Y-bot
Sizeofstate,actionandstate-actionspaceintheY-botconﬁguration,isthesameasthatof
Quadropodconﬁguration,bothofwhichhave4moduleconﬁgurations.Learningperiod isonce
againsetto100,000seconds.InMinibot,TripodandQuadropodconﬁgurations,reward is
calculatedbasedonlyonvelocityinthe -axis.Thisisbecause,fromthelocalcoordinateframe
oftherobot,the -axispertainstoforward/backwarddirectionsoftherobot,butthesamedoes
notholdtrueforY-botconﬁguration.Figure6.11containsabird’seyeviewofMinibot(6.11a)
andY-bot(6.11b)conﬁgurations,alongwiththeirrespectivelocalcoordinateframes,embedded
within,andtheglobalcoordinateframesatthetop-rightcorneroftherespectivesub-ﬁgures.So,
fortheY-botconﬁguration,bycalculatingrewardbasedoneither or alonewouldresultin
therobotlearninggaitsthatwouldmakeit(roughly)rotateonitsownaxis,eitherinclockwiseor
anti-clockwisedirectionsrespectively.Tolearnaforwardcrawlinggait,reward iscalculated
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Figure6.10:GaittrajectoryoftheQuadropodconﬁguration,folowingthelearntpolicy.
basedonvelocityinboth and axis(Equation6.26),whichmakestherobotcrawlinthe
directionindicatedbyblackdotedarowinsub-ﬁgure6.11b.
(6.26)
Thelearntgaitisevaluatedforaperiodof100seconds.Figure6.12containsactuator
trajectoriesofY-botmodulesduringevaluation.Oscilationamplitude,ofset,rangeandfrequency
ofY-botmodulesduringevaluationareaspresentedinTable6.7.
Oscilation Module
Amplitude
Ofset
Range
Frequency
Table6.7:OscilationcharacteristicsofY-botmodules,folowingthelearntpolicy.
Intheresultinggait,modulesoscilatewithphase-diferenceaspresentedinTable6.8.Inthis
gait,notwomodulesoscilateinphase,andthereexistspositivephase-diferencebetweenHead
andSpinemodules,aswelasbetweenSpineandTailmodules,resultingasinewavestarting
fromtheTailmoduleandmovinginthedirectionoftheHeadmodule,whichinturnpropelsthe
robotinthedirectionoftheHeadmodule.Thelearntgaitisonceagainverystable(Figure6.13),
withlowstandarddeviation(SD)inphase-diferencebetweenmodules,andresultsintherobot
movingonaverycirculartrajectory,whichisasseeninFigure6.14.Locomotionspeedinthis
gaitis .
Forthesix-moduleLizardconﬁguration,state,actionandstate-actionspacewouldconsists
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(a)Reward (b)Speed
Figure 6.11:Bird’s eye view of Minibot and Y-bot conﬁgurations, and their respective local and global
coordinate frames.
Figure 6.12:Actuator trajectories of the Y-bot modules, during learnt gait evaluation.
of 117649 states, 729 actions and 85,766,121 state-action pairs, which would make it infeasible
to learn a gait, due to the sheer size of the state-action space.
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Y-botModules
Mean
SD
Mean
SD
Mean
SD
Mean
SD
Table6.8:MeanandSDofphase-diferencebetweenmodulesintheY-botconﬁguration,whenevaluated
withthelearntgait.
Figure6.13:Phase-diferencebetweenal modulespairsintheY-botconﬁguration,folowingthelearnt
policy.
Figure6.14:GaittrajectoryoftheY-botconﬁguration,folowingthelearntpolicy.
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Summaryofthechapter
InthischapteranovelintroductiontoReinforcementLearning(RL),andhowitdifersfromother
MachineLearning(ML)techniques,isprovided.AMarkovDecisionProcess(MDP),whichisan
extensionofMarkovchains,andusedformakingdecisionsinsituationswhenoutcomesare
partlyrandomandpartlydependentonthecontrolingagent,areexplained.ValueIterationand
PolicyIterationaretwopopularmodel-basedtechniquesforsolvingMDPs,givenacomplete
modeloftheenvironment,byﬁndingoptimalpolicy( ).
Q-Learning,whichisamodel-free,of-policy,Temporal-Diference(TD)learningalgorithm,
isexplained.Aspartofthisthesis,Q-Learningalgorithmisadaptedforlearninglocomotion
inmodularroboticconﬁgurations.State,actionandstate-actionspaces,andrewardfunction
implementedforthepurposeoflearninglocomotionareexplained. Gaitsarelearntinfour
diferentmodularroboticconﬁgurationsthroughQ-Learning,andevaluationresultspostlearning
arepresented.
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CHAPTER 7
Conclusions
Locomotion is an important feature for a robot in most application domains. Compared to
wheel-based locomotion, legged locomotion gives a robot the ability to navigate rugged and
unstructured environment. Limbless gaits give small-sized robots the ability to navigate narrow
and inaccessible areas. This PhD thesis tackles the problem of providing locomotion for legged
and limbless robots through: (i) Morphology, (ii) Evolution, and (iii) Learning. A wide variety of
locomotion controllers for Modular Robot (MR)s, and for a humanoid robot has been developed
in this thesis. Five different two-dimension (2D) modular robotic configurations, a simulated
Humanoid for Open Architecture Platform (HOAP-3) robot, and a real modular robotic configu-
ration has been constructed and used as target platforms for locomotion experiments, in this
thesis.
As a first step, sinusoidal oscillators, which are commonly used as locomotion controller in
MRs, is implemented. Gaits on all the modular robotic configurations are evolved by optimizing
Sinusoidal controller parameters through Evolutionary Algorithm (EA), and evaluated for bench-
marking. Fastest gait in four out of five configurations is achieved with this controller. Sinusoidal
controller is distributed and scalable, but it is heterogeneous and cannot adapt to changes in
configuration.
A second periodic function controller, based on Fourier series, is developed as part of this
thesis. This controller can produce complex trajectories, which are essential for multiple Degree
of Freedom (DOF) legged locomotion. Two variants of this controller are tested on different
modular robotic configurations, and the fastest gait in the Minibot configuration is achieved
with this controller. Control parameters are optimized through EA, and in the second version of
this controller, generated trajectories are non-sinusoidal. This controller is also distributed and
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scalable, but heterogeneous and cannot adapt to changes in configuration. It is parameter heavy,
making it undesirable for producing creeping/crawling gaits in two-dimensional (2D) modular
robotic configurations.
One of the objectives of this thesis is to study the relationship that exist between robot
morphology and the gait that emerges in it, and use the results for developing locomotion
controllers that are morphology-dependent. To this end, forces that exist between module in a
configuration, as a result of interaction between physically connected modules, and between
the modules and their environment, are measured and quantified. This phenomenon is termed
Intra-Configuration Force (ICF), based on which two different morphology-dependent locomotion
controllers for MRs are developed.
The first controller is Artificial Neural Network (ANN) based, which features a neural-oscillator
mechanism for generating oscillatory signals for robot modules. This controller is distributed,
homogeneous, and uncoupled. Control parameters are optimized through EA for learning
locomotion in modular robotic configurations. All the modules in a configuration would have the
same controllers, start with the same initial conditions, but emerge to act differently for producing
a stable gait. In this control model, although modules do not communicate with each other
explicitly, coordination among them for producing a gait, comes about as a function of ICF that
exist between modules in the configuration. Because of the homogeneity of the controller, a
controller optimized for one configuration can be evaluated on another configuration of any size.
So, controllers optimized on each of the five configurations are cross-evaluated on rest of the
four configurations. 15 successful gaits are produced out of 20 total cross-evaluations, further
proving a strong link between the morphology (body) and the controller (brain) of the robot.
The second morphology based controller developed in this thesis is inverse sinusoidal
function based. As part of which, a general purpose inverse sinusoidal function is developed.
Unlike the Neural-oscillator controller, Inverse sinusoidal controller is trajectory based. That
is, in the Neural-oscillator controller, only crest and trough points of oscillation, per cycle of
oscillation, are provided. But with the Inverse sinusoidal controller, a continuous and smooth
trajectory is produced by the controller for the module’s actuator to follow. Inverse sinusoidal
controller features a sinusoidal oscillator at its core, and so combines the smooth trajectory
feature of a Sinusoidal controller, and the morphology-dependent feature of the Neural-oscillator
controller. EA is used for evolving gaits in MRs, and the evolved gaits are smooth, stable
and morphology-dependent. This controller is also distributed, scalable, homogeneous and
uncoupled.
For bipedal locomotion in a humanoid robot, complex trajectories are needed. One such
set of trajectories, available in the literature, is developed based on cart-table method, and has
been successfully evaluated on the HOAP-3 robot. This is a model-based method of producing
locomotion, where all aspect of the target robot needs to be explicitly modeled into the trajectory
generator. In this thesis, a model-free, feature based linear periodic function for generating
trajectories is developed. The periodic function consists of features such as symmetry, duality,
signal-width, skewness and squareness, which dictates the shape of the generated trajectory.
The periodic function is conceived by adding a sawtooth wave to a reverse sawtooth wave, and
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then by introducing one feature at a time. As a first step, linear approximates of cart-table method
generated trajectories are modeled, and evaluated on the simulated HOAP-3 robot. Then, a
walking gait is evolved afresh by optimizing linear periodic function parameter, in a model-free
bottom-up approach. The evolved gait is stable and much faster than the cart-table generated
gait.
For performing Embodied Evolution (EE), a framework for running EA on a physical robot
is developed. As part of this, a modular robotic configuration is constructed with Y1 robot
modules. A hardware-software system for estimating actuator position of a module, based on
its servomotor’s potentiometer reading is developed. A Kalman Filter (KF) for module’s state
estimation, based on noisy data which is in turn based on potentiometer readings, is developed.
A vision system for estimating position of the robot in the evolution arena is developed. A
communication protocol for establishing communication link between the host desktop personal
computer (PC), running the high-level controller and the EA, and the SkyMega board on-board
the robot, running the low-level controller, is implemented. A gait is evolved on the physical Y-bot
configuration through an EA combining features on Genetic Algorithm (GA) and Evolutionary
Strategy (ES).
Finally, an optimal control policy for producing locomotion in MRs is learnt through RL. State
space, action space and reward function are defined, and the standard Q-Learning algorithm is
adapted for learning locomotion is MRs. Gaits are successfully learnt on four different modular
robotic configurations through this method.
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